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In the Matter of:

Docket No. 19-CRB-0005-WR

Determination of Rates and Terms for (2021-2025)

Digital Performance of Sound Recordings
and Making of Ephemeral Copies to
Facilitate those Performances (Web V)

SIRIUS XM AND PANDORAGS OPPOSITION TO SOUNDEXCHANGEG(S MOTION TO
ADMIT ARTICLE AUTHORED BY PROFESSOR JOEL WALDFOGEL

Sirius XM Radio Inc. and Pandora Media, LLC (collectively, fiSirius XM and Pandora0)
oppose SoundExchangeds Motion to Admit Article Authored by Professor Joel Waldfogel (the
fiMotiono).! In its Motion, SoundExchange contends that an article by Professor Joel Waldfogel
(fithe Articleo) that was neither cited nor discussed in SoundExchangeds testimony, and not even
identified on its exhibit list until one day before the filing of the Motion, is suddenly so crucial to
this proceeding that the record will not be ficompleteo without it. See Motion at 3. Based on that
dubious contention, the Motion asks the Judges to ignore that the Article is obviously (and
concededly) hearsay, to overrule the Servicest foundation objections, and to bestow special
treatment upon this one Article not granted to any of the many other pieces of third-party
scholarship identified as exhibits in this proceeding.

The lynchpin of SoundExchangeds argument is that because Sirius XM and Pandora

recently withdrew Professor Waldfogel as a witness in the proceeding, SoundExchange will not

! This Opposition is joined by the National Association of Broadcasters, Google LLC, and the
National Religious Broadcasters Noncommercial Music License Committee.
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be able to use him to establish the necessary foundation for admission of the Article. But as we
explain below, the loss of a fortuitous opportunity to establish evidentiary prerequisites (having
the author of an otherwise inadmissible article called as a witness at trial by the other side) does
not equate to prejudice, particularly when the article at issue was not even on SoundExchangeds
exhibit list when Professor Waldfogel was withdrawn as a witness. Nor should the cost of Sirius
XM and Pandorads good-faith effort to streamline their witness list and focus their trial
presentation be the forfeiture of well-founded objections to evidentiary defects in
SoundExchangets cased defects, as we show below, that would remain even if Professor
Waldfogel took the stand. SoundExchangebs argument boils down to fino good deed goes
unpunished,0 but this position deserves little credence. Because it is clear that that the Article is
inadmissible under the governing evidentiary rules, the Motion should be denied.
ARGUMENT

1. SoundExchangebs Contention That the Exhibit at Issue Was Cited in Mr. Orszag and
Professor Waldfogelds Testimonies is a Misrepresentation

SoundExchangeds motion is premised on a factual misrepresentation: that Exhibit 5450
was cited by Professors Orzag and Waldfogel in their written testimony. See Motion at 3, 7.
That claim is simply false. Both Mr. Orszag and Professor Waldfogel cited a prior and
substantively different working draft of the Article (Trial Ex. 5000) and not the later version of
the Article (Trial Ex. 5450) that SoundExchange now seeks to admit. The earlier version of the
article was the one included on SoundExchangets exhibit list: the latter version (Trial Ex. 5450)
was only added on July 20, a week after Sirius XM withdrew Professor Waldfogel as a witness
and only one day before SoundExchange filed its Motion. See Motion Exs. C, D. In short, the

filosso of potential live testimony about an exhibit not yet identified when Sirius XM and
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Pandora withdrew Professor Waldfogel as a witness is hardly a problem of iiSirius XMés
makingo as contended. Motion at 4. It is one of SoundExchangeds own invention.

Importantly, the newly identified Article differs in meaningful ways from the earlier
version, including the exclusion of entire sub-sections, changes in descriptions of the major
labelst ownership stakes in Spotify and their control over playlists, and figures relating to Spotify
payments and streams that have changed over time. See Decl. and Certification of Jeremy Cain
in Supp. of Sirius XM and Pandorads Opposition, July 30, 2020 (fiCain Decl.0) £ 2; Cain Decl.
Ex. A (redline comparing the two exhibits). SoundExchangeds Motion should be denied on this
basis alone: it seeks to move into evidence a document not cited by any witness (or formerly
anticipated witness) and asks the Judges to simply assume, based on the mere say-so of
SoundExchangeds counsel in motion papers, that the new version is somehow ficlose enougho to
the article that was actually cited to overlook this core failing. Indeed, if the articles were
interchangeable, SoundExchange would have no reason to insist on admitting Trial Ex. 5450
rather than simply pursuing the admission of Trial Ex. 5000.

2. SoundExchange Has Failed to Established Proper Foundation for the Article and Has
Provided No Basis to Waive the Well-Settled Foundational Requirement.

Given the circumstances described in the preceding section, SoundExchange has not met
the foundational requirements to admit the Article under either 37 C.F.R. A 351.10(a) or under
Federal Rule of Evidence (iFREO0) 602. Section 351.10(a) provides: fiNo evidence, including
exhibits, may be submitted without a sponsoring witness, except for good cause shown.o 37
C.F.R. A 351.10(a). Having been added to the exhibit list only a day before the Motion was filed,
Trial Ex. 5450 should be excluded because it has, as of yet, no sponsoring witness. The Acrticle
is also inadmissible under FRE 602, which requires a proper foundation for admission from a

witness with personal knowledge of the matter. Fed. R. Evid. 602. The fact that a prior,
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substantially different version of the article written by Professor Waldfogel was cited by Mr.
Orszag is insufficient foundation for admission of the newer version, particularly given that
SoundExchange has not established that Trial. Ex. 5450 is sufficiently similar to the prior
version, or even the final version of the Article.?

SoundExchangets only argument in response is that it might have been able to lay
foundation for admission at trial had Professor Waldfogel been called to testify.> However, this
counterfactual argument is irrelevant to the evidentiary questions at hand. SoundExchange
cannot credibly claim it was entitled to have Professor Waldfogel appear at trial, or point to any
wrongful action by Sirius XM and Pandora in withdrawing his testimony. Accordingly, the
suggestion that Professor Waldfogelds appearance in this proceeding might have allowed
SoundExchange to attempt to lay the necessary foundation (an argument that could apply to any
number of articles) simply does not constitute the figood cause0 necessary under 351.10(a) to
admit this particular Article absent sufficient sponsorship and foundation. iGood causeo is a
function of the documentds merits and importanced not speculation about what the trial record

might have shown or unsubstantiated claims of prejudice.

2 The evidence suggests that it is still a working paper in progress. The co-author of the Atrticle,
Luis Aguiar, still lists the paper as a fiworking papero on his website (http://www.luis-
aguiar.com/research), citing to two earlier and different versions of the Article, neither of which
SoundExchange seeks to admit. See Cain Decl. £ 3 & Cain Decl. Ex. B.

% SoundExchange also suggests that FRE 602 does not apply to documentary evidence, see
Motion at 3, n.5; but that argument should be disregarded, as SoundExchange itself has
propounded over one hundred objections pursuant to Rule 602 to the Servicest documentary
exhibits, including to third-party articles.
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3. The Article is Hearsay and is Inadmissible Under 37 C.F.R. A 351.10(a) and the
Federal Rules of Evidence.

SoundExchange attempts to overcome the Servicesd well-founded hearsay objections by
advocating for a relaxedd and thoroughly contrivedd standard of admissibility: essentially, that
the Article is admissible solely on account of the fact that fithere are no concerns about [its]
reliabilityo and because it fiis relevanto and fiwill assist the Judges in making their
determination.0 Motion at 4, 5. But there is no fireliable and relevanto test under 37 C.F.R. A
351.10(a)0 and SoundExchange, not surprisingly, cites no controlling CRB precedent
establishing such a test as the standard for admissibility of hearsay (or addressing this issue at
all).*

Nor is there a fireliable and relevanto hearsay exception under the Federal Rules of
Evidence, to which SoundExchange turns for guidance in the absence of CRB authority. See
Motion at 7 n.8. The closest analog to Section 351.10(a) under the Federal Rules of Evidence is
the residual hearsay exception under FRE 807, which establishes a much more stringent standard
than fireliable and relevant,0 namely, that a statement must not only be fisupported by sufficient
guarantees of trustworthinesso (i.e., reliable) but also must be fimore probative on the point for
which it is offered than any other evidence that the proponent can obtain through reasonable
efforts.0 Fed. R. Evid. 807(a) (emphasis added). See also, e.g., United States v. Libby, 475 F.
Supp. 2d 73, 79 (D.D.C 2007) (iThe second requirementd that the evidence be more probative

than any other available evidenced goes beyond the evidenceds mere reliability and

437 C.F.R. A 351.10(a) provides that fi[a]ll evidence that is relevant and not unduly repetitious or
privileged, shall be admissible. Hearsay may be admitted to the extent deemed appropriate by
the Copyright Royalty Judges.0 In other words, the relevance of any particular piece of evidence
is necessary, but not sufficient, for admission, and is a separate issue preceding the question of
whether hearsay evidence in particular should be admitted.
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trustworthiness. Rather, it must be . . . the best evidence to prove the defenseds point and there
is no other evidence available that would have the same influence.0) (citing United States v.
Washington, 106 F.3d 983, 1001 (D.C. Cir. 1997)).

SoundExchange does not even mention FRE 807 or try to establish the important second
requirement of this exacting standard, instead contenting itself to argue that the Articleds
reliability and relevance is sufficient, and claiming erroneously that the Article was cited in
Professor Waldfogelos own written testimony. Motion at 1. That insufficient showing fails for
reasons explained above, supra p. 3, including that Professor Waldfogel cited an older and
different version of the Article. Even assuming, arguendo, that Professor Waldfogelds citation to
the earlier and different version of his work (Trial Ex. 5000) establishes the reliability of the later
version, SoundExchange has demonstrated nothing uniquely probative about the Article, as is
also required by FRE 807. Indeed, were Trial Ex. 5450 so probative that the record would be
fiincompleteo without it, SoundExchange would have cited to that version in its written
testimony. It did not.

SoundExchange argues, in the alternative, that it should be able to read portions of the
Article into evidence under FRE 803(18). Motion at 7. But the Article does not meet the
requirements of 803(18) any more than it does Rule 807. Courts routinely interpret the
fireliabilityo requirement of 803(18) as an Aauthoritativenesso requirement, which the Article
lacks. See Schneider v. Revici, 817 F.2d 987, 991 (2d Cir. 1987) (fiRule 803(18) explicitly
requires that to qualify under the learned treatise exception, a proper foundation as to the
authoritativeness of the text must be laid by an expert witness . . .. Failure ... tolay a
foundation as to the authoritative nature of a treatise requires its exclusion from evidence.0)

(citations omitted); Spears v. United States, No. 5:13-CV-47-DAE, 2014 WL 3513203, at *5
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(W.D. Tex. July 14, 2014) (iwhile one of Plaintiffso Supplementary Exhibits does appear
impressive, . . . Plaintiffs have not tendered any evidence to show that this article is so
authoritative that it warrants judicial noticed an exceptionally high bar as it requires that the
sourceds 6accuracy cannot reasonably be questioned.60) (emphasis added) (quoting Fed. R. Evid.
201). SoundExchangeds suggestion that the Article is authoritative because it is sponsored by the
National Bureau of Economic Research, see Motion at 7, misses the mark. fi[T]he foundation for
periodicals generally must demonstrate that the specific document is authoritative as opposed to
a broad scale qualification of a periodical as highly regarded.0 2 McCormick On Evid. A 321
(8th ed., A 321.Learned treatises, industry standards, and commercial publications) (citing as
support, e.g., Twin City Fire Ins. Co. v. Country Mut. Ins. Co., 23 F.3d 1175, 1184 (7th Cir.
1994)). As explained above, there is no reason to believe that the Article is even final, let alone a
seminal or indispensable work. See Meschino v. N. Am. Drager, Inc., 841 F.2d 429, 434 (1st Cir.
1988) (iiln these days of quantified research, and pressure to publish, an article does not reach the
dignity of a éreliable authorityd merely because some editor, even a most reputable one, sees fit
to circulate it . . .. Mere publication cannot make them automatically reliable authority.o).

In addition, it is clear from the long litany of quotations from the Article in the Motion
that SoundExchange wants to read portions of the Article into the record for the truth of the
matter asserted thereind i.e., not merely to establish or fiscrutinizeo the basis for Mr. Orszagis
opinion but to buttress it with additional statements from another economist regarding Spotifyds
promotional impact. See, e.g., Motion at 2 (noting that the article ficontains qualitative and
guantitative analysis of Spotifyds ability to affect on-platform discovery, promotion, and
consumption of sound recordingso0). Using the Article for this purpose would be improper. See

Hickok v. G. D. Searle & Co., 496 F.2d 444, 446747 (10th Cir. 1974) (A[I]t is well established
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that . . . professional articles are not freely admissible in evidence to prove the substantive or
testimonial facts stated thereino but fisolely to establish the basis for the expert's opinion.o);
Brown v. United States, 419 F.2d 337, 341 (8th Cir. 1969) (finding 803(18) materials fiare not
admissible to prove the probative facts or opinions in the treatiseso). Finally, even if the Article
did constitute a basis for Mr. Orszagds opinionsd hard to imagine since he did not cite it or list it
in his appendix of materials consideredd it has been held fiimpermissibleo on direct
examinations to read portions of hearsay materials merely to ficorroborate and fortify the
witness opinion if the extract read to him agrees with his views.0 Stottlemire v. Cawood, 215 F.
Supp. 266, 268 (D.D.C 1963).

It follows, then, that the Article should not be deemed admissible under Section
351.10(a). SoundExchange has made no showing as to why the Judges should exercise their
discretion under that provision to admit an article that, SoundExchangeds assertions
notwithstanding, Mr. Orszag did not even cite. If SoundExchange did not deem the Article
important enough to include in its case, the Judges should not now deem it important enough to
overrule well-founded objections to its admissibility and treat it differently than any other third-
party scholarship on the exhibit list. Moreover, as explained above, supra p. 5, merely showing
that a scholarly article is fireliableo and firelevanto (whatever version might at issue) is not
sufficient for admissibility, and for good reason: SoundExchangebs indefensible suggestion that
any hearsay evidence is admissible so long as it is fireliabled would swallow every clearly
delineated hearsay exception, including those exceptions that SoundExchange specifically cites

in its motion, and sweep in much if not all of the third-party scholarship relied on by experts in
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this matter.

Nor is admission justified by SoundExchangebs claims of prejudice. As explained, Sirius
XM and Pandora withdrew Professor Waldfogel before SoundExchange sought to add the
Article to its exhibit list. This timing not only belies SoundExchangeds insinuations of
gamesmanship, but suggests that SoundExchange is now seeking to admit for its truth an article
that it was planning to use for impeachment. But even had SoundExchange been afforded the
opportunity to use the Article for the limited purpose of impeachment, there is no reason to
presumed as SoundExchange does when it cries prejudiced that the Article necessarily would
have been admitted. The Article remains an out-of-court statement offered by SoundExchange
for the truth of the matters asserted therein, and Professor Waldfogelds presence on the witness
stand would not change that reality.® Indeed, it would be inequitable and prejudicial to the
Services to have their well-founded objections overruled merely because Sirius XM and Pandora
made a good-faith effort to streamline the proceeding by withdrawing a witnessd a not

uncommon occurrence in CRB proceedings. SoundExchange should not be the one to benefit

® SoundExchange itself has objected on hearsay and foundation grounds to numerous third-party
articles proffered by the Services that would satisfy the less stringent standard it has concocted,
including, remarkably, Dr. Shapirods quotation of Nobel Prize Winner John Nashds pioneering
article The Bargaining Problem (see Shapiro CWDT at 24), which is also relied upon by
Professor Willig (see Willig CWDT  61-67). See SoundExchangebs Line-by-Line Objections
to the Servicesd Written Testimony, Ex. A at 31. With due respect to Professor Waldfogel, if
John Nash does not satisfy SoundExchangeds fireliable and relevanto standard, no one does.

® Very rarely does the actual author of third-party article testify at trial® that would be an
untenable procedural hurdle. Instead, under FRE 803(18), material is often admitted through the
expert who relies upon it, not the original author, so long as the evidence is being offered for a
proper purpose and meets the other requirements for admissibility. See 2 McCormick On Evid.
A 321 (8th ed., A 321. Learned treatises, industry standards, and commercial publications).
Because SoundExchange remains free to pursue this typical path via Mr. Orszag, it is not
prejudiced by the absence of Professor Waldfogel.
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from that decision by having such objections waived in advance of trial.

CONCLUSION

For the reasons set forth above, the Services respectfully request that the Motion be

denied in its entirety.

July 30, 2020 Respectfully submitted,

/s/ Todd Larson
Benjamin E. Marks (N.Y. Bar No. 2912921)
Todd D. Larson (N.Y. Bar No. 4358438)
WEIL, GOTSHAL & MANGES LLP
767 Fifth Avenue
New York, NY 10153
Tel: (212) 310-8170
Fax: (212) 310-8007
benjamin.marks@weil.com
todd.larson@weil.com

Counsel for Pandora Media, LLC
and Sirius XM Radio Inc.
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Before the
UNITED STATES COPYRIGHT ROYALTY JUDGES
THE LIBRARY OF CONGRESS
Washington, D.C.

In the Matter of

DETERMINATION OF RATES AND TERMS Docket No. 19TCRBT0005TWR
FOR DIGITAL PERFORMANCE OF SOUND (202172025)
RECORDINGS AND MAKING OF
EPHEMERAL COPIES TO FACILITATE
PERFORMANCES (WEB V)

DECLARATION AND CERTIFICATION OF JEREMY C. CAIN IN SUPPORT OF
SIRIUS XM AND PANDORAGS OPPOSITION TO SOUNDEXCHANGE(S MOTION TO
ADMIT ARTICLE AUTHORED BY PROFESSOR JOEL WALDFOGEL
(On behalf of Sirius XM Radio Inc. and Pandora Media, LLC)

1. I am counsel for Sirius XM Radio Inc. (fiSirius XM0) and its wholly-owned
subsidiary, Pandora Media, LLC (fiPandora0) in the above-captioned case. | submit this
Declaration in support of Sirius XM and Pandorads Opposition to SoundExchangets Motion to
Admit Article Authored by Professor Joel Waldfogel (the fiOppositiono). | have personal
knowledge of the facts set forth in this Declaration.

2. Attached hereto as Declaration Exhibit A is a true and correct copy of a redline
comparing Trial Exhibit 5000 and the document that SoundExchange seeks to admit in its
Motion as Exhibit 5450 (the fiArticle0). As the redline shows, there are significant differences
between Trial Exhibit 5000 and Trial Exhibit 5450. For example, at page 9 of the redline, an
entire subsection entitled AiChallenges in Getting on Listso has been omitted from Trial Exhibit
5450. As seen on page 38 of the redline, Trial Exhibit 5450 omits language from Trial Exhibit
5000 that described assertions that Spotify playlists are controlled by majors labels, given their
ownership stakes in the company. Additionally, figures relating to Spotify streaming revenue

differ substantially between the documents. See, e.g., id. at 19, 23, 39.
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3. Attached hereto as Declaration Exhibit B is a true and correct copy of a
screenshot of the fiResearcho section of the website of Professor Luis Aguiar, the co-author of
the Article. Professor Aguiar lists the article fiPlatforms, Promotion, and Product Discovery:
Evidence from Spotify Playlistso as a iWorking Papero on his website.

4. Attached hereto as Declaration Exhibit C is a true and correct copy of the
AWorking Paper,0 dated April 2018, to which Professor Aguiar provides a link on his website.
Professor Aguiar also provides a link to the version of the paper that is Trial Exhibit 5000, but
not the version that is Trial Exhibit 5450 (which is dated September 10, 2018).

5. Exhibit C differs from both Trial Exhibit 5000 and Trial Exhibit 5450 to this
proceeding.

6. Pursuant to 28 U.S.C. A 1746, | hereby declare under the penalty of perjury that,

to the best of my knowledge, information and belief, the foregoing is true and correct.

Dated: July 30, 2020
New York, NY /s/ Jeremy C. Cain

Jeremy C. Cain (N.Y. Bar No. 5438940)
WEIL, GOTSHAL & MANGES LLP
767 Fifth Avenue

New York, NY 10153

Tel: (212) 310-8170

Fax: (212) 310-8007
jeremy.cain@weil.com

Counsel for Sirius XM Radio Inc. and
Pandora Media, LLC

Cain Decl. in Support of Servicesd Opposition to SoundExchangeés Motion to Admit Article
Authored by Professor Joel Waldfogel
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1 Introduction

Digitization has stimulated substantial growth in new song production and has, with the develop-
ment of online music streaming, also broken the traditional promotion and distribution bottlenecks
inherent in terrestrial radio and traditional music retailing.* During 2016, Spotify added over half a
million (567,693) songs to its catalog and during 2017 nearly an additional million (934,265).2 As a
result, Spotify users have access to 35 million tracks via any Internet-connected device.® Con-
sumers’ access to large catalogs, and the converse - that creators, not just those from established
record labels, have access to large audiences - are on their face a substantial levelling of the playing
field, holding out the promise of decon-centrating consumption toward a long tail of products

hailing from diverse sources such as independent record labels and foreign producers.*

But Aaccess to an increasingly large catalog creates a daunting problem of product discovery,
however. Beyond getting consumers access to a large catalog, a major value-creating function of a
platform is helping consumers to discover music that they like. Broadly speaking, platforms do this
in two ways. First, they create personalized music suggestions, via individual playlists such as
Spotify’s Discover Weekly, or Pandora’s song- or artist-seeded individual stations. These systems
have been the subject of much research on recommender systems and music taxonomy (see, for
example, Adomavicius and Tuzhilin, 2005). Second, platforms promote discovery via general, i.e.
one-to-many, playlists. Some of these lists - like Spotify’s Today's Top Hits - are curated using
humaneditorial discretion and are often used to promote songs and artists that are already widely
known. Other curated lists - like Spotify’s New Music Friday - are more specifically dedicated to the
discovery of new songs and artists. Algorithmic playlists - like the Global Top 50 or the U.S. Viral
Fop-50 - are, on the other hand, based algorithmically on streaming charts rather than human

curators.

The interactive music streaming market has a number of major participants, including Spo-tify as
well as services from Apple Music and Google.® Spotify is growing quickly, and in 2017 Spotify was

reported to have a 37 percent share of the subscription streaming market.® With Spotify emerging

as the leading interactive streaming service, it is interesting to explore whether Spotify influences

1See, for example, Waldfogel, 2017.

:See http://everynoise.com/sorting hat closet/ for weekly lists of songs added to Spotify.
— “See United States Securities and Exchange Commission (2018).

sSee, for example, Zentner et al. (2013) showing that video consumption deconcentrates when consumers have
have-access to an online selection.

sSee http://mw._businessinsider.com/google-reshuffles-its-music-products-2017-2.

See https://mw.statista.con/statistics/653926/music-streaming-service-subscriber-share/.

Exhibit Page 3 of
Cain Decl. Ex. A, Page 1



whether-Spetify-influences-consumption choices through its general playlists, which function in

two ways. First, playlists are potentially informative lists of songs that can simply make users

aware of particular songs. Second, playlists are utilities for listening to music: a user who
subscribes to a playlist can select it, then automatically play its songs in either rank or random
order. Users opt into playlists by subscribing to them at no cost, and the most popular playlists
have nearly 20 million subscribers. These developments raise questions about how and whether

playlists affect consumption choices and promote the discovery of new songs and artists.

Growing concentration in the streaming market puts streaming platforms among the handful of
online platforms that have come to dominate, or nearly dominate, their respective markets in search
advertising (Google), social networking (Facebook), online retailing (Amazon), and others. Some
observers warn of a new era of “Internet monopoly” and call for heightened antitrust enforcement.”
The usual concern about market dominance is that firms with market power will harm consumers
by charging high prices. While the major platforms do not charge consumers high prices - and in
many cases do not charge consumers at all - dominant platforms warrant attention even if they do
not deliver high prices to consumers.? Platforms are sometimes alleged to affect the fortunes of their
suppliers, and in the music context, platforms can play important roles in determining song and

artist success, including the determination of which songs and artists are discovered in the first

place.® While Spotify is not a music producer, the major record labels have substantial-ownership

stakes in Spotify. As of April, 2018, Sony BMG ownsed 5.87 pereent-Universal-owns-4.8-pereent;

)
- percent, and Universal and Warner each owned 4

percent, although they have since reduced their holdings.™® It is therefore of interest to understand

the extent of a prominent platform’s ability to influence which songs and artists succeed.

Against this backdrop, this paper explores whether Spotify has the ability to influence users’ listening

decisions. First, we ask whether playlist inclusion affects the number of streams that songs receive.

Second, we ask the related but distinct question of whether playlist inclusion decisions affect

consumers’ discovery of new songs and artists. These questions recall the traditional question of

whether promotion on radio stimulates music sales, one that is empirically challenging to address

For example the Open Markets Institute argues that “Online intermediaries have emerged as the railroad mo-
nopolies of the 21st century, controlling access to market and increasingly determining who wins and who loses in
today’s economy.” See https://openmarketsinstitute.org/issues/tech-platforms/. George Soros has
argued that the “fact that they are near-monopoly distributors makes them public utilities and should subject them
to more stringent regulations, aimed at preserving competition, innovation, and fair and open universal access.” See
Porzecanski (2018).

:See Ip (2018). 43

Exhibit Page 4 of

Cain Decl. Ex. A, Page 2



sSee Edelman (2011) and Zhu and Liu (2016).

wSee Lindval-(2009variety Staff (2018) and ArrirgtonChristman (20692018).
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empiricatly-chalenging-to-address-because playlist and airplay decisions are endogenous: curators

choose songs they expect will be popular. We employ four empirical approaches to measure the impact

of playlist inclusion on song performance. (1) We use the discontinuous jumps in the number of songs’
playlists followers when widely followed lists add a song. (2) For algorithmic playlists where we know the
inclusion criterion, we compare streams of songs just making the list with songs just off the list to
measure the impact of list inclusion on streams. (3) We exploit differential song rankings on equivalent
(New Music Friday) playlists across countries to measure the impact of list rankings on product
discovery and streams. (4) We develop an instrumental variables approach to explain cross-country
differences in New Music Friday rankings based on home bias in New Music Friday lists, along with the
size of domestic music markets. Larger markets have more domestic music, giving rise to worse ranks
for foreign songs in larger markets. Finally, we also explore who benefits from Spotify playlists, i.e. the

sorts of songs - according to label type and artist national origin - that are included on playlists.

We have three broad findings. First, the major platform-operated playlists have large and significant
causal impacts on streaming, so the platform has power to influence consumption decisions, even
among songs and artists that are already widely known. Appearing on Today’s Top Hits, a list with
18.5 million followers during the sample period, raises a song’'s eventual streams by almost 20 million,
which is almost a quarter of the average value of streams for songs that make that playlist. Being on
the Global Top 50 list raises a song’s streams by about 3 million, or by about 3.3 percent of the
average streams for songs that make the Global Top 50. Second, Spotify also has substantial effects
on which new artists and songs become discovered. Being ranked #1 on the U.S. New Music Friday
list raises a song’s streams by about 14 million. Third, most of the benefit of the global lists accrues to
US-origin major-label songs, while the New Music Friday lists have larger representation from
domestic and independent-label music.

This paper proceeds in 6 sections after the introduction. Section 2 provides background on the various
types of playlists as well as their functions; and the section discusses the literature

4
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related to our study. Section 3 describes our data sources. Section 4 presents estimates of the effects
of inclusion on Spotify’'s major global playlists on streams. Section 5 describes our various identi-
fication strategies for measuring the effects of the New Music Friday lists on product and artist

discovery and discusses estimation results. We make no attempt in this paper to explore possible bias

in playlist decisions, but Sgection 6 descriptively explores the types of songs - by label type and

national origin - that are included in various playlists. Section 7 concludes.

4
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2 Background on Playlists

2.1 The Types and Functions of Playlists

Playlists have two broad functions. They are both potentially informative lists of songs, as well

as utilities for playing the songs on those lists. Anyone is free to create and share playlists, and
many individuals do so. For example, Napster co-founder and early Face-book investor Sean
Parker maintains an influential list called “Hipster International,” which is widely credited with
making New Zealand-based artist Lorde into an international su-perstar.!! In addition to

independent individuals, various other kinds of entities maintain playlists. For example, the
major record labels, Warner, Universal, and Sony, operate playlists through Digster, Topsify,

and Filtr brands respectively.

Spotify itself maintains both curated and chart-based algorithmic general playlists, as well as
playlists that are customized to each user. These different playlists work in different ways. Among
the lists that are not tailored to individual users, lists vary along two dimensions: whether they are
algorithmic or curated by humans and whether they are global or country-specific. These di-
mensions in turn determine the empirical strategy that we use to identify the causal effects of list

inclusion.

Playlists like Today’s Top Hits, RapCaviar, Baila Reggaeton, and Viva Latino are all global lists that
are curated by Spotify employees, who choose songs for inclusion on the lists. These lists generally
add songs that have been streamed on Spotify for some period of time and include songs and artists
that are already widely known. These playlists are therefore likely to be used as utilities for listening
to the songs that they include, rather than as sources

NEoo-Eorten 2008
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of information revealing heretofore obscure songs or artists. (The fact that songs appearing on these
lists have already been streamed on Spotify nevertheless has the advantage that one may be able to
measure the impact of appearing on one of these lists from the changes in streams right around the
time that the song appears on the list.) Spotify tests songs on playlists with smaller followings, then
promotes promising songs to the major global lists with wide followings. “By the time a song lands on
Today’s Top Hits or other equally popular sets, Spotify has so relentlessly tested it that it almost can't
fail.”'? The day that a song appears on a particular playlist, the list’s followers now can see the song on

a playlist

uSee Bertoni (2013).
2See https://ww.wired.com/2017/05/secret-hit-making-power-spotify-playlist/.
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to which they subscribe. Hence, the number of the song'’s followers rises by the number of playlist
follower when the add occurs. Other playlists, too, can add the song at or around the same date,
so the number of playlist followers that a song has can jump by more than the number of followers

of the list in question.

The New Music Friday playlists are also curated by Spotify but are country-specific and are updated
every Friday, when 50 new songs are added to the list for each country. Because songs are added to
the New Music Friday list for only a week - and because the added songs are generally added when

they are literally new to Spotify - these playlists bring new information in addition to functioning as

utilities for music listening-te-the-new-music-that-they-present. From that perspective, the New

Music Friday lists have the possibility of promoting the discovery of new songs and artists. The

drawback-is-that-there-is-generaly-neabsence of streaming history for dates prior to the songs’

inclusion on the lists—which makes it impossible to measure the impact of list inclusion from

e*&mi—ni—ngusing a before-and-after comparison of how streams change as the songs move to these

lists.

Spotify has a widely followed Global Top 50 list, which algorithmically includes the top 50 songs of
the previous day according to streams. Spotify also maintains the corresponding Top 50 lists for
each country, which are based on the country-specific streams from the previous day. Because the
inclusion criteria for these lists is transparent, one can compare streams of songs just making the

list to those just missing the list in order to identify the effect of inclusion on the Top 50 lists.
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2.32 Playlist Concentration

Thousands of playlists are available to users at Spotify. While we will discuss data in detail below, we note
here that we have obtained the names, owners, and number of playlists followers for the top 1,000 lists at
Spotontrack.com, a website that tracks Spotify playlists. The top list is Today’s Top Hits, a curated list
maintained by Spotify with 18.5 million followers as of December 2017. The next-most followed list is the
algorithmic Global Top 50, with 11.5 million followers. Next are RapCaviar with 8.6 million, Viva Latino
with 6.9 million, and Baila Reggaeton with 6.3 million. A few things are noteworthy. First, all of the 25
most-followed playlists are maintained by Spotify, and all but one of them (Global Top 50) are curated and
therefore discretionary rather than algorithmic. Second, the number of followers drops off fairly quickly,
particularly after the top 25: The 200* list has 166,000 followers. The 500" has 43,000, and the 1000

has under 11,000, fewer than one percent of the top list's followers.

lon
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By list owner, the concentration is large. Spotify’s curated lists have over three quarters of the
followers of the top 1,000 playlists; Spotify’s algorithmic lists have another 9.3 percent. The lists
operated by the major record labels, Filtr, Digster, and Topsify, have 3.1, 2.7, and 0.9 percent of
the top 1000's cumulative followers. The remaining list owners have negligible shares. It is clear
that Spotify dominates playlists at Spotify. If playlists influence listening choices, then Spotify’s

curated lists are well-positioned to wield influence.

2.43 Relationship to Existing Literature

Our questions - how do playlists affect song success and artist discovery;-as-weH-as-whether

- has antecedents in a number of existing literatures. platferm-operators-havepreferences-and

biases—have-antecedentsianumberofexist-
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While we are aware of no existing work on playlists per se, the—guestions—raised-here—resemble-the
guestion-n-a-number—of-existing-iteratures—Fherethere is some work on music discovery at Spotify

(Datta et al., 2017) and Deezer (Aguiar, 2017). Moreover, curated playlists contain critics’ assessments, so
studying the impact of playlists on subsequent streams resembles work like Reinstein and Snyder (2005) on
the impact of critical assessments on movie box office revenue. Playlists are in some ways like radio stations,
and playlist inclusion resembles a radio station’s decision to air a song, so the study of playlist impacts on
streaming resembles the question addressed in studies of the impact of airplay on recorded music sales
(Liebowitz, 2004; Dertouzos, 2008; McBride, 2014). Algorithmic playlists are literally most-streamed lists, so
measuring their impact on streams is very related to existing work on the impact of best-seller lists on sales
and product variety (Sorensen, 2007). Salganik et al. (2006) find evidence that signals of popularity such as

best-seller lists lead to a “self-fulfilling prophecy.” Playlists also resemble advertising, and some of the

empirical challenges in measuring their impact recalls the challenges described in the new literature on

advertising effectiveness (see, e.g. Lewis et al., 2015). The-guestion-of-whetherplaylists-at-a-streaming

ahd—Zitzewitz 2006 DelaVigna—and—HermleFinally, platform design can also affect creativity for

cultural products (Wu and Zhu, 201¥§).

3 Data

The underlying data for this study come from three separate sources and consist of two distinct datasets.

The first dataset includes streaming data at Spotify. In particular, we observe the daily top 200 songs on

Spotify, by country, for 26 countries, during 2016 and 2017.%°* The 2017 country-specific--streaming

213\We include these 26 countries because we can obtain the New Music Friday lists for these countries. See below.

lo
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specific streaming data are available directly from Spotify, which provides daily streaming totals for

each of the top 200 songs by country, back to the start of 2017.2411:4 The 2016 streaming data are

from Spotontrack.com, which tracks streams, playlists, and followers on Spotify.ggi" The 2017
country-level streaming data contain 1,847,615 daily song observations and a total of 48,731
song-countries and 19,055 distinct tracks.’zj““:6 In addition to country-specific top 200 daily
streams, we also have the daily global top 200 streams, which cover all countries where Spotify
operates and include 1,764 distinct songs during 2017. Table 1 reports the total number of

streams, by country, in the 2017 country-level data.

Our second dataset also comes from Spotontrack.com and corresponds to the songs that appear
on various playlists, including their ranks and the dates the songs enter and leave the lists. We
focus on the five most-followed Spotify-owned global playlists, as well as three country-specific

Spotify-owned playlists. The global lists are the four global curated lists (To-day's Top Hits,

RapCaviar, Viva Latino, and Baila Reggaeton) and the algorithmic Global Top 50. The country-
specific list is New Music Friday, which is available separately for each country. The New Music
Friday playlists for 2017 include 52,851 distinct song-countries and 20,621 distinct songs
(because many songs appear on multiple countries’ recommendation lists). While we have New
Music Friday playlists for all of 2017, our data on the global curated playlists begins at different
dates during 2017, with the latest in May, 2017. Table 2 summarizes the information, with both

the number of followers for the lists, as well as the dates we start observing the lists.

We also obtain song and artist characteristics for each song streaming in the country-level and
global streaming sample in 2017, as well as for each song on the playlists we study. In particular,

we observe the record label and the International Standard Recording Code (ISRC) for each song.24£

The label identity allows us to create of measure of whether songs are released by major or in-

dependent record labels. Fhere—iSWe have a total of 6,577 distinct labels in our combined

datasets, and no clear way of classifying them into major and independent. Using their_names

however, we are

2uSee https://spotifycharts.con/regional.
25ee Seehttp://ww.spotontrack.com.
215Countries included in the sample are Brazil, Canada, Switzerland, Colombia, Germany, Denmark,
Spain, Finland,
France, Great Britain, Hong Kong, Indonesia, Iceland, Italy, Malaysia, Mexico, Netherlands, Norway, Philippines,
Portugal, Sweden, Singapore, Turkey, Taiwan, and the United States.
#The ISRC is the internationally recognized identification tool for sound and music video recordings. See_https:

https=//mww.usisrc.org/.
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pames—however—we-are-able to identify some of the obvious major Iabels.%ﬁ While this
method guarantees that all the labels that we classify in the major category are indeed
majors, some of the non-obvious majors may end up being identified as independent labels.
Since the main goal of this classification is to make comparisons, for instance, between the
major composition of different playlists, our measure nevertheless remains informative.

The ISRC code provides us with measures of the national origin of each song, as well as its

release vintage.

We are also interested in separately studying the new artists on the New Music Friday lists. To
determine which artists are new among those whose songs are in the 2017 country-level streaming
data, we start with artists whose songs are on the 2017 New Music Friday playlists, then remove
the artists with songs observed streaming during the previous year 2016. For each of the
remaining artists, we obtain recording release histories from Musicbrainz, an open music
encyclopedia that collects music metadata and makes it available to the public.%ﬁ Using these
histories, we discard artists whose first release predates 2017. This leaves us with a set of 670 new

artists whose songs appear on the New Music Friday playlists during 2017.

We use these underlying datasets to create our main analysis samples, which consist of the songs
from a playlist, merged with the streaming data. With this sort of dataset we can do two broad
things. For songs already appearing on the streaming charts when they appear on a playlist - from
the global curated playlists - we can construct time series on their streaming, before and after their
chart appearance. We also observe when the songs leave the chart, so we can also examine the

evolution of their daily streaming before and after they leave the chart.

The second broad dataset, for the New Music Friday playlists, resembles the first, except that
we lack any pre-listing streaming data. We link dates and ranks for appearances on a country’s
New Music Friday lists with subsequent daily appearances on the country’'s daily top 200
streaming chart. Because songs remain on the New Music Friday lists for 7 days, there is no

variation in the timing of removal.

We use a different approach for the analysis of the impact of inclusion in the Global Top 50

algorithmic playlist. Because we observe the top 200 streaming songs in each day of our sample

=1\We classify as major any record label containing the following names: Asylum, Atlantic, Capitol, Epic, In-
terscope, Warner, Motown, Virgin, Parlophone, Republic, Big Machine, Sony, Polydor, Big Beat, Def Jam, MCA,
Universal, Astralwerks, WM, Trinidad & Tobago, RCA, Columbia.

=See https://musicbrainz.org/.
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sample-- and because the Global Top 50 playlist is based on the song’s past streaming ranking -

we can replicate the Global Top 50 playlist and additionally observe the level of streams for songs

that aFewould have been ranked 51% and lower had the Global Top 50 list been longer. We can

therefore pay particular attention to a possible discontinuity in streams around the 51% ranked
song. In empirically exploring the determinants of the Global Top 50, we noticed that playlist
matched the previous day's streaming ranking for 133 days during 2017 and matched the
streaming ranking of two days earlier for 218 days. We use only these 351 of 365 days in our
estimation, where we know not only the Global Top 50 but also which songs would have been

listed next had the Global Top 50 list been longer.

For calculating the effect of playlist inclusion on streaming, we will ultimately be interested in the
time that songs spend on the playlists. Measuring this is complicated by two facts. First, songs can
enter and leave the playlists more than once. This is rare, except for the Global Top 50, where
songs can enter and leave the playlist according to the vagaries of the streaming charts. Songs on
this list have an average of 1.38 spells. Table 2 describes the duration of the song spells on various
Spotify lists in our data. For example, the mean spell on Today’'s Top Hits is 54.2 days, and the
average number of spells per song is 1.004. The mean spell on RapCaviar is 39 days (with an
average of 1.07 spells per song), and the mean spell for Viva Latino is 111 days (with 1.03 spells
per song). A second complication arises from the fact that some songs are already on the list when
our playlist data begin, and some are still on the lists as our data end, so our duration measures
are censored. We can use censored regression to estimate the underlying mean spell length. Table
2 reports these, and as expected they are longer than the raw averages. Finally, we multiply the

underlying mean spell lengths by the number of spells per song.

4 Effect of List Inclusion on Streams

This section examines the effects of the Spotify’s largest global curated playlists, which tend_to

f6-include already-established songs and artists, on the volumes of streaming experienced by
included

by-tneluded-songs. We turn in Section 5 to effects of the New Music Friday playlists on the
performance of new

songs, or product discovery.

&
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4.1 Effect of Inclusion on Global Playlists

Before turning to regression approaches, a simple look at some data is instructive. Figure 1 shows
the evolution of playlist followers and U.S. daily streams for a song added to Today's Top Hits
during 2017. The song “What Ifs” by Kane Brown was added to the Today's Top Hits playlist on
October 5, 2017. On or about that date, the number of playlist followers for the song jumped from
11.6 to 29.2 million. The number of playlist followers then fluctuated about 30 million for about a
month. On November 2, the song was removed from Today’s Top Hits, and its number of followers
fell from 30.8 million to just 10.8 million. In subsequent months the number of followers continued

to generally decline, sometimes rapidly as particular playlists removed the song.

The large and discontinuous jumps in followers for the Kane Brown song above, which was added

then removed from the mest-most-followed playlist on Spotify, suggest a method for measuring the

impact of playlist inclusion on streams for the global playlists. We can look at the streams in
countries where the song was already observable among the streaming songs (among the top 200
daily songs for the country) prior to the song’s inclusion on the list. We can then examine whether

the streams change with the discontinuous change in followers.

The idea here borrows from the regression discontinuity approach (Lee and Lemieux, 2010). Our
assumption here is that a song’s underlying popularity evolves smoothly after release as people hear
of the song, and some little-followed playlists add the song. But when a list with many followers
adds the song, the song is “treated,” and the number of users exposed to the song via playlists
jumps discontinuously. Figure 1, which overlays U.S. daily streams against the number of the
song’s daily followers, provides much of the answer for this song. In June 2017, the song has nearly
200,000 daily streams, and the number rises steadily (around day of the week fluctuations) to
October. On October 5, when the number of followers jumps from about 12 to nearly 30 million, the
number of daily streams rises by roughly 100,000. Later, on November 2, when the number of

followers falls by almost 20 million, the number of daily streams falls by about 100,000.

Approaching this systematically, we can pool song-countries and flexibly characterize streams

around the event via the following model:

Sict = 1't + pic + /rd + Eict 1)
10
1613
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Ly s the follow ol

Siet=r+F-pic-+Hd-+-<iet

&

Here, st is @ measure of streaming for song i in country c on day t, fid7rd is a day of the week effect,
pic is a country-specific song fixed effect, and it is an error term. Finally, ¥T refers to the days since

the event (or until the event when T < 0). We can then plot the coefficients yary; against £T.

Before turning to estimates, we need to clarify the designation of the event day. We observe the
date that a song enters a playlist, but we do not know what time the song entered. This creates
some challenges in defining the last untreated and first treated days, i.e. the last full day in which
the song is not on the playlist and the first day in which the song is on the playlist all day. Our
data are updated every 24 hours, so the appearance of a song on a playlist on a particular day
means that the song may have entered the list any time during the previous 24 hours. This in turn
leaves two possibilities. One is that the song entered today, so that the apparent entry day is
actually partially treated, while the day before its appearance was fully untreated. The second
possibility is that the song entered the list the previous day. In that case, the entry day would be
fully treated, while the previous day would be partially treated. We cannot distinguish these two
cases. We can be confident, however, that two days before the entry day is fully untreated, while
the day after the entry day is fully treated. Hence, our shortest window for effect estimation
compares two days prior to the entry day to one day after. In our estimation below we set xry; = 0 on
the last definitely fully untreated day and T = 3 for the first definitely fully treated day. We define the drop window
analogously.
The left panel of Figure 2 reports the results of this estimation for the event of addition to
Today's Top Hits. A few things are clear. First, there is a pre-event trend: streams are rising
when songs are added to the playlist, although streams fall on the last pre-treatment day.
Second, while there is no apparent effect on the first potentially partially treated day (the day
prior to the song’'s appearance on the list, with ¥T = 1), streaming rises somewhat on the
(potentially partially treated) entry day (tT = 2) and substantially by the first fully treated day (¥T

= 3). Streams continue to rise for two more days, then begin rising at a steady rate. The right
panel of Figure 2 reports the analogous model for the removal events

1613
Exhibit Page 19 of
Cain Decl. Ex. A, Page 17



from Today’s Top Hits.

We estimate the effect as the coefficient on the first fully treated day relative to the level of the last fully
untreated day. (This may be conservative, as streams seem to be rising relative to trend for a few days after
the add event). We use data from countries that differ substantially in size and therefore streaming

volumes. To make the data comparable across countries, we normalize streams
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by the countries’ annual total streams in our data. We then multiply these figures by a million

to put them in convenient units. We refer to this measure as “normalized streams.”

Table 3 reports effects of additions and removals from the four curated global playlists. We estimate
that appearing on Today’'s Top Hits daily raises streams by 3.346 normalized streams (standard
error=0.28). We estimate that removal from Today’s Top Hits reduces normalized streams by 2.757
(0.09). What is the size of the benefit of being included among Today’s Top Hits? Songs remain on
Today's Top Hits for an average of 74.4 days (see Table 2). If we assume that the effect evolves
linearly, then the average daily effect is 3.052, the average of the add and removal effects
(= 3.346+2.757

2 ). Today’s Top Hits is a global list,

so to calculate its effect on streams we multiply
the average daily effect estimate by the average spell length of its songs, by the average spell per

song entering the playlist, and by the global humber of streams in millions. This is (3.052 streams

per million) X (74.4 days) X (1.004 spells) x (85,047 million streams).yﬁ This yields 19.4 million

additional streams, which - given our best estimate of Spotify’s 8stensible-payments of $6-to

$8.43.97 per thousand streams - translates to befween—$116397 and $162.956$77,016 in

payments from Spotify alone.?! See Table 4, which also presents estimates for the other global lists.

Fhe-low-end-of-tThese estimates vary between $60:26539,876 for RapCaviar and $303,047-for

$424.265 3t200,516 for Viva Latino. We defer further discussion of magnitudes until we discuss

the effect of appearing on the Global Top 50 playlist.

4.2 Effect of the Global Top 50 Playlist

If we knew the algorithm underlying algorithmic lists, then we could use a discontinuity
approach to measure the impact of list inclusion on streams, comparing songs that just
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Exhibit Page 21 of 41

Cain Decl. Ex. A, Page 19



made the list to those that just missed inclusion. We do not know the list algorithms generally, with the
important exception of the most-played lists, such as the Global Top 50, which shows the top 50 songs
according to a previous day's streams. Because we observe the streams for the top 200 songs each day, we
know which song would have been listed as the Global Top 51 through 200" if the Global

2\While some songs appear more than once on Today’'s Top Hits, the songs included in the sample used in Table 3
only enter the list once. In the above calculations, we therefore assume that the effect of entering and exiting the
playlist is the same for songs that would enter the playlist more than once.

2\We obtain estimates of Spotify’'s per stream payouts from Mclntyre (2017), Sanchez (2018), and Trichordist (2018).
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Top 50 list were longer, or if it were a Global Top .2®2 This allows us to ask whether the

dropoff in streams is larger for the previous day’'s 51% song than for songs at nearby ranks. The
effect of list inclusion will then show up as a discontinuity in the relationship between

streaming and the previous day’s ranks between the ranks of 50 and 51.

To implement this flexibly, we estimate the relationship between the change in log streams

across sequential ranks and the rank, with the following model, estimated on the global data:

log—=8,+¢erty-Se=1t &
(2)

where « is global streams at rank on day |, 6:€; is an estimated parameter, and car is an error

term. This delivers a sequence of coefficients 6:€ showing the percent reduction in streams as we

move from the ( - 1)" ranked song to the " ranked song. If we plot these 8:€, coefficients in the

neighborhood of ggs:, is there a jump?

Figure 3 reports the result of estimating equation (2) using the daily global top 200 Spotify
streamifg-

ing data. The decline in streams is roughly steady at just under 2 percent for ranks 40-50. The

decline from 50 to 51 jumps to 6 percent, then returns to the roughly 2 percent for ranks 52-60,

and the difference is large relative to the confidence interval. Thus, being

Ca =~
on the list adds about 4
\sre |
percent to streams, and a regression of log_ _on rank and an
St
indicator variable equal to one
Sr—1,t

for the 51% rank gives a coefficient of -.047 (standard error of .008).

How big is the overall effect of being on the Global Top 50? The average global streams for a

song at the 50" position on the Global Top 50 (and therefore ranked 50" the previous day) is

5-1,242,513. Multiplying this by 0.047 gives 59,000 streams per day. The average duration on
the
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on-the-Global Top 50 chart (correcting for censoring and the number of spells per song) is 51.24 days. If
the effect of being on the list were the same across ranks - and therefore the same for each day

spent on the list - then we can calculate the overall effect of appearing on the Global Top 50 as

(0047) x (1 242 513) x (51 24) =3 021 867 streams. Songs on the Global Top 50 playlist have
an average of 92.8 million global streams, suggesting that 3.3 percent of their streams arise from
being on the Global Top 50 chart.

z|n our data, we observe that the Global Top 50 is based on either the streams from the previous day or from two
days ago. The Global Top 50 playlist matched the previous day’'s streaming ranking for 133 days and the streaming
ranking of two days earlier for 218 days during 2017. We therefore observe the songs that would have been ranked 515t
through 200" for 351 days in 2017 (out of the 365).
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4.3 Magnitudes and Mechanical Effects

To gauge the size of the effect estimates, it is useful to compare them to the effects that would arise
mechanically if streaming users spent all of their time using a playlist to which they had
subscribed. Take Today’s Top Hits, a playlist with 50 songs with 18.5 million followers during the
sample period. If followers did all of their listening through the playlist and listened to all 50 songs
per day, then entering the list would add 18.5 million daily streams to each song on the list. With a
bit of detective work we can estimate that Spotify users listen to an average of roughly 7 songs per

day. In 2016 Spotify reported paying $1.813 billion to rights holders.?°2 With our estimate of

Spotify's also—reperted—paying—between—$6-—and-$8-4average royalty of $3.97 per thousand

streams:, Fthis suggests between—216-and-302457 billion worldwide Spotify streams during

2016-6Fa—midpoint-ef-259-billien-streams. Spotify reported 100 million active users during

2016.392 Given 365 days in the year, this suggests that users listened to an average of ++12.5

songs per day.

Applying this average listening propensity, if Today’s Top Hits users spent their listening time
only with the list, then daily streams for listed songs would rise by about 2:64.63 million (= 18.5

(s012.5)) Streams
%&w})—ﬂ—f—&&—m—s—per day. Our econometric estimate of the daily streams effect of

being added to Today's Top Hits is 259,531, which is %Q—Q percent of the maximum
mechanical effect (see Table 4). For the other global curated lists, the share varies between 4%2

and 2212 percent.
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4.4 Effects Outside of Spotify

We would like to know whether Spotify playlist inclusion has an impact outside of Spotify streaming. One
measure of sales we can obtain is the daily U.S. iTunes top 100 ranking based on the volume of
permanent downloads. We obtain these rankings for April 1-Dec 31, 2017, then match tracks with those

added to Today's Top Hits.®*?

We are able to match 82 tracks we observe added to Today's Top Hits. Using the matching tracks, we
regress iTunes sales ranks on a track fixed effect and an indicator for the period after the track is added
to the playlist. We perform the estimation using windows from 2 to 10 days around the add date. If being
added to the playlists stimulated sales of the track at iTunes, we would expect a negative coefficient,

reflecting an improving rank. Instead, the coefficients are all positive. They
zSee https://ww.statista.con/statistics/487332/spotify-royalty-payment-costs/.

2See https://ww.statista.con/statistics/367739/spotify-global-mau/.
=The iTunes rankings are from itunescharts.net/us/charts/songs/2017/.
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are also significant, beginning with the specifications including 3 days on either side of the add
event. This indicates that sales are dropping, relative to other songs, on iTunes even as songs
are added to Today's Top Hits. Hence, we do not find any evidence of an impact of Spotify

playlist decisions on popularity - and therefore revenue generation - outside of Spotify.

5 New Music Friday Playlists and Product and Artist

Discovery

Above we documented large and significant impacts of Spotify’s playlist decisions on the
success of songs added to major global curated playlists. As reflected in the fact that those
songs had streaming histories prior to their addition to playlists, the songs added to the major
global playlists are widely known prior to their addition to those playlists. “Product discovery”
is an elastic term. Even a song well known to some people must be “discovered” before being
adopted by others. Hence, even the major global playlists promote discovery of songs and
artists. That said, the promotion of new music stands as a potentially different sort of product
discovery, at least in degree if not also in kind. Moreover, the promotion of music that is not
only new but is also by artists who are themselves new to the market offers a greater degree of
product discovery that the promotion of widely known or even new
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songs by known artists. With these distinctions in mind, we turn now to analyses of Spotify playlists

that explicitly promote new music, the New Music Friday lists.

Each week, Spotify constructs a rank-ordered list of 50 new songs for each country in which it operates.?
These New Music Friday lists differ across country, albeit with overlap, so that across our 26 countries,
Spotify recommended an average of 397 distinct songs per week during 2017. Of these songs, about 17
percent become successful in the sense of appearing in at least one country’s top 200. This dwarfs the
unconditional success rate. Of the 934,265 songs entering Spotify in 2017, only 19,055, or 2 percent,
entered the daily streaming top 200 in at least one of our sample countries. This, in turn, at least naively
suggests a benefit of the New Music Friday lists in reducing the costs consumers face in discovering

which music to sample.

Some of the New Music Friday recommendations are for songs by already-known and successful artists,

with whom listeners are already acquainted. Other recommendations are for songs by new

%At times the New Music lists have included more than 50 songs. As we document below, effects are concentrated near the
top of the lists.
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and previously unknown artists, raising the possibility that these lists help with artist discovery.
Songs almost always arrive on the New Music Friday list the day they are released, so we cannot
use the before and after approach employed for the global lists above. Instead, we can ask how
eventual streaming varies with songs’ New Music Friday ranks. As a way to introduce our
approach, we begin by showing the share of songs at each New Music Friday rank that ultimately
appear in the recommended countries’ top 200 daily streaming charts. Figure 4 summarizes these

relationships for the top 20 recommended songs using all of the country-weeks in the sample.

Songs with better ranks on the New Music Friday playlists are more likely to (even) appear on the

daily Spotify top 200 streaming charts. Close to 85 percent of the songs ranked #1 on a country’s
New Music Friday lists appear on the country’'s streaming chart, as do over 80 percent of those
ranked #2. The share charting declines monotonically in rank, reaching about 10 percent for songs
ranked 20 (or, not shown, lower). We observe a similar relationship between recommendation rank
and the share of songs appearing in the top 100, as well as in the top 50, 25, or 10 (not shown). In
short, songs with top 10 recommendations have some chance of appearing in the top 200 or even
the top 100, while songs recommended outside the top 20 are rather unlikely to achieve even the
top 200.

Figure 4 shows that songs with higher-ranked recommendations tend to achieve higher

streaming ranks. This is suggestive that high recommendation ranks matter for performance.
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But whether higher-ranked recommendations actually cause better streaming performance is another
matter requiring different evidence. That is, the relationships in Figure 4 reflect some combination of a
causal impact of New Music Friday list rank choices and the ability of list curators to predict which songs

are headed for success regardless of the New Music Friday playlist ranks.

5.1 Song Fixed Effect Approach

The New Music Friday lists differ across countries, and this creates a possible empirical strategy for
measuring the impact of New Music Friday ranks on success. Figure 5 provides an illustration of the
cross-country variation in New Music Friday rankings, comparing the U.S. and Canadian New Music
Friday lists released on December 10, 2017. The rankings are positively correlated, but they are
substantially different. If we take the view that countries have similar tastes but are treated with different
rankings, then we can measure the effects of New Music Friday rankings

by comparing the streaming performance of the same songs in different countries where they have

received different New Music Friday rankings.

Figure 6 shows the U.S.-Canada rank differential distribution for the entire year. Of the songs appearing
on both lists, the mean and median differential is roughly zero, but there is variation. The question asked
by this measurement approach is whether the songs ranked higher in, say, the U.S. than Canada perform
systematically better in the U.S. than Canada. Using a binary measure of whether a song (eventually)
appears in the country’s daily top 200 streaming chart as the outcome, the song-specific differential can
take one of three values: 1, 0, and -1. Figure 7 shows the relationship between the rank differential on the
horizontal axis and the smoothed outcome measure. Songs with a better rank in the U.S. are more likely
to make the Spotify streaming charts in the U.S. than Canada. This is preliminary evidence that

differential New Music Friday rankings give rise to differential stream success.

To implement this approach for all countries via a regression, define D200

ic to be a binary measure of
whether song i appears among the daily top 200 streaming songs in country ¢ at some point after
entering the New Music Friday playlist. Next, define 8i.0'c as a dummy that is 1 when song i in country c is
ranked r" on the country’s New Music Friday list.

As noted above in the discussion of Figure 4, a regression of D2oo

icon the 8c terms does
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not indicate the effect of rank on streaming. The
unobserved quality of the song - to the econometrician - affects both rank and streams. Presumably, songs that are good will have

both high placements on the list and high streaming. If we had a measure of each song’s quality, then we could control for this

directly, and then measure the impact of the New Music Friday ranks on streaming. While we do not observe song quality, we €6

MusieFriday-rank-hr-different-countries—Henee,~we-can include a song fixed effect to control for its quality, then

ask whether the song is more likely to appear in the streaming charts in countries where it has a more favorable recommendation.

That is, we can estimate

D200
ic = a'Bd'ic + He + AA77i + Etic. (3)

In this setup ##77iis the unobserved quality of song i. Under the assumption that songs have similar

appeal in different countries, or that ##77iis the same across countries, the coefficients a’ show how
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ultimate streaming success varies with position on the New Music Friday list. That is, o provides
evidence on the causal impact of higher recommendation ranks.

Figure 8 reports the estimated parameters a" (with o%° normalized to 0) from two specifications,
with and without song fixed effects. The line labelled “OLS,” from the specification without
song fixed effects, echoes the “top 200" bars in Figure 4. The “Song Fixed Effects” line comes
from a specification including song fixed effects, and the size of the effect of a top ranking is
smaller with the song FE included. Songs with a number 1 rank are over 80 percentage points
more likely to appear on the streaming charts than songs ranked 50". After including song
fixed effects, this differential shrinks to just below 50 percentage points. This finding is
consistent with the idea that some part of the raw relationship between ranks and streams
arises because curators give favorable ranks to songs they expect consumers will like, rather
than a causal impact of the New Music Friday playlist ranking on streams. The effect falls
sharply with rank, to about 18 percentage points at rank 10 and to about 4 percentage points at
rank 20. (We provide evidence on statistical significance in Table 5 below).

Even controlling for song quality with song fixed effects, two main threats to identification
remain. The first is that countries have different tastes, in which case perceived song quality

would differ across countries, and a single song fixed effect that is common across countries

20
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would not control for song quality. A second challenge is that country-specific New Music Friday lists will
differ across countries for endogenous reasons. We explore these in turn.

The song fixed effects approach assumes that unobserved song quality is the same across places where the
song receives different ranks. This puts some burden on places having similar preferences. We deal with
this by grouping countries with a common language, with an English-speaking group consisting of the US,
Canada, and Great Britain and a Spanish-speaking group consisting of Spain, Mexico, and Colombia. We
can verify the similarity of these countries’ musical tastes, based on Spotify listening. Using the 2017
streaming data to create a vector for each country with the share of streams for each artist, we see that the
correlations between linguistically similar countries’ vectors are among the highest. The correlation for the
US and Canada is 0.95, and the correlation for Mexico and Spain is 0.93. We then re-estimate (3) using only

similar countries.

Rather than report a proliferation of figures, we summarize our results by estimating (3) with three rank
| dummy variables (ranks 1-5, ranks 6-10, and ranks 11-30) rather than 49. Table 5 reports
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these results, starting with OLS and the baseline song fixed effects approaches in columns (1)
and (2). Columns (3) and (4) report specifications using English (US, Canada, and Great
Britain) and Spanish-language (Spain, Mexico, and Colombia) country groups, respectively,
and results are quite similar to the baseline.**?’ Effects for ranks 1-5 are large, effects for ranks

6-10 are smaller but significant, and effects for ranks 11-30 are small and insignificant.

This still leaves a concern that ranks are endogenously different across countries. Perhaps the
most salient concern arises from domestic music, which one might expect to be both better-
ranked on its home-county New Music Friday list, as well as better-performing on its domestic
streaming chart but not because the better ranking causes the better performance. The New
Music Friday lists have elevated ranks for domestic music: on average, domestic music makes up
15 percent more of the New Music Friday listings at home than abroad. To avoid this problem, we
re-estimate the model excluding domestic music. Results, in column (5) of Table 5, are very
similar to the baseline results.
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5.2 New Songs and Artists

While all of the songs entering the New Music Friday lists are new, many are by established artists. While
the popularization of a new song, even if by an established artist, requires product discovery on the part
of curators and consumers, ascertaining whether the New Music Friday list can promote discovery of
works by new artists is of separate interest. In order to study artist discovery we would like to estimate
the New Music Friday effect separately for artists who are not already widely known to consumers. To this
end we re-estimate the model including only songs by less-well-known artists. Column (6) of Table 5
includes only independent-label artists without streams in the 2016 data, and results are similar.
Column (7) includes only the demonstrably new artists, those who not only have no streams in 2016 but
whose first recording appears in 2017. This reduces the sample size sharply, to 2,221. Still, results
remain quite similar, although standard errors rise. Column (8) uses only the new artists and excludes
domestic music. Results are again quite similar. Finally, column (9) uses new independent artists, again

with similar results. We conclude that the New Music Friday playlists aid in the discovery of new artists.

2We also obtain very similar results using only the US and Canada, and Spain and Mexico, respectively.
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5.3 Instrumental Variables Approach

Even with domestic music excluded, one can be concerned that the differential rankings of, say,
French songs in the US and Germany may endogenously reflect differential curatorial expectations
about tastes in the two countries. To get around this we would require a source of variation in the

rank of particular songs across countries that is unrelated to the appeal of the song.

Home bias, along with different-sized home markets, gives us a possible strategy. Suppose there is
home bias in the New Music Friday lists, so that a disproportionate share of the songs on the New
Music Friday lists are domestic in each country. Suppose further that because of differences in
market size, there are different amounts of domestic music in each market. Then non-domestic
music would receive worse ranks in larger markets, simply because it was more likely to be pushed
down the ranking by domestic music. For our purpose, this would give us a reason why particular
songs would achieve different New Music Friday ranks in different countries that is unrelated to the

appeal of the song in the two countries.
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To explore this strategy, we use the total Spotify streams (among the top 200) as a measure of market size
for each country. Using only the non-domestic songs, we then run a first-stage regression of the songs’
New Music Friday ranks on song fixed effects and the music market size variable (total streams in the
country). The coefficient on the market size variable indicates whether a given song has a worse (higher)

rank in a country with a larger market, and the coefficient is large and significant (see Table 6).

We then implement this directly in a regression of our streaming measure (whether a song appears in the
top 200 on song fixed effects as well as its New Music Friday rank, instrumenting the rank with the market
size measure. We have only one instrument, so we can only use one measure of New Music Friday rank. We
explore both the level and the log of the New Music Friday rank.

Columns (1) and (5) of Table 6 report OLS regressions of the streaming measure on the level and the log of
the New Music Friday rank, respectively, without fixed effects. The resulting coefficients reflect both the
determinants of ranks and their effects. Columns (2) and (6) then include song fixed effects, and - as in our
earlier exercises - the coefficient on rank falls by roughly half. Columns (3) and (7) report the first stage
regressions of the level and the log of the New Music Friday rank on song fixed effects as well as market

| size, estimated with robust standard errors. The market
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size measure is positively and significantly related to rank, indicating that non-domestic songs
have worse (higher) ranks in countries with larger music markets. Columns (4) and (8)
continue to include song fixed effects and also instrument the rank measures using market
size. Robust standard errors are reported. Coefficients are similar to the song FE estimates,
although standard errors are much larger, and the coefficients are slightly smaller in absolute
value. We take the similarity of the IV estimates to the FE estimates to indicate that our basic

estimates do not arise from endogenous New Music Friday ranks.

5.4 Effects over Time

Songs remain on the New Music Friday lists for only seven days. To the extent that listeners

use the New Music Friday playlists as a utility for playing recommended songs, we would expect
a clear effect during the week that songs remain on the list. Effects could continue past the time
on the list, for example via the information communicated by list inclusion.
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Here we explore whether New Music Friday effects are persistent. We adapt the estimation framework of
equation (3) slightly to estimate effects over time. Define D200200 ict as a binary measure that is 1 if song i appears in

the streaming top 200 in country c 71 days after appearance on country ¢’s New Music Friday list:

D2oo

200 ict = artdr &g + e + Fini + Eticr. 4)

Then the parameter o indicates the additional propensity to be among the top 200 streaming songs Ft days after being
added to the list.

Figures 9 and 10 reports three sets of estimates for different groups of ranks. Figure 9 covers only the first
14 days after the appearance of the New Music Friday list. The leftmost figure shows how the effect of
appearing in the top 5 varies across days since appearance. The center figure repeats the analysis for

songs ranked 6-10, and the rightmost left figure reports it for songs ranked 11-30.

As Figure 9 shows, there are large and immediate effects of songs appearing on the New Music Friday
lists. These effects rise for the first four days, then decline. There is no sharp decline after day 7, when
the songs leave the lists. And indeed, as Figure 10 shows, the effects persist for 100 days after

appearance on the list, indicating that the effects of the New Music Friday lists are not

merely mechanical. In short, there are large, persistent, and significant effects for songs in the top

5 and large but smaller effects for songs ranked 6-10. Effects for songs ranked 11-30 are small.

5.5 Aggregate Effects on Streams

We are interested in impacts of list inclusion on the total number of streams. We can

construct measures of country-level streams for each song, subject to the caveat that we only observe
streams when a song is among the daily top 200. Hence, our measure understates streaming,

particularly for lower-ranked songs that are more commonly outside the top 200.

Figure 11 aggregates the effect over time, reporting the aggregate result by rank. A number

1 ranking adds about 550 normalized streams (corresponding to about 14,000,000 additional streams for
a song ranked #1 on the U.S. chart). A song ranked #5 gets over 80 additional
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normalized streams, or about 2.1 million additional U.S. streams for a #5 ranking on the U.S. New Music

Friday playlist. The effects peak within a few days after appearance on the New Music Friday list.

With our estimate of Spotify’s estensibleroyalty payments of $6-and-$8-43.97 per thousand streams,

the benefit of being ranked #1 on the U.S. New Music Friday playlist is worth between-$83.600-and
$117,100$55,315, including only the direct benefits arising from Spotify payments.

6 Which Types of Songs Do Spotify Playlists Promote?

Rights holders in the independent record label community have long lamented their limited access to

concerns remain. Moreover, cultural policies of many countries promote domestic music. While

we do not attempt any measure of bias in this study, it is nevertheless interesting to descriptively

explore a-few-guestionsrelevantto-these-ostensible-concerns,-asking-which sorts of songs, by label type

and national origin, are available and commonly streamed

at Spotify. Further, which sorts of songs appear on the global curated and the country-specific New

Music Friday playlists?

As Table 7 shows, among the 19,055 songs that we observe streaming in the 2017 country-specific
sample, just under half (measured by either listings or distinct songs) are from independent record

labels. The independent share of streams, however, is much smaller, at just over a quarter. U.S.
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origin songs make up a quarter of listings and songs in the country-level sample but account
for 59 percent of streams. Domestic songs make up just over a quarter of listings, distinct

songs, and streams in the country-level data on average.

The song sample made up of the global daily top 200 includes only 1,764 songs. Of these,
independent songs account for a quarter of the tracks and just under a fifth of streams. U.S.

origin songs account for 68 percent of these tracks and 71 percent of streams.

How about the playlists? Independent-label songs account for well under half of the listings and

distinct songs at the global curated lists, while US-origin tracks account for roughly

three quarters or more of the listings and songs, as well as streams, appearing on the global

curated lists.

The New Music Friday lists have different coverage. First, they include greater independent music
representation, just over half of the tracks overall. Second, they include less US-origin representa-
tion, accounting for roughly a third of listings and songs. Finally, domestic music makes up just
under a fifth of the New Music Friday listings and songs. Given the large number of origin
countries in the world, this average reflects a substantial amount of home bias. On average, origin
repertoires make up 15 percentage points more of the New Music Friday lists in their home

countries, relative to their origin shares outside of the home country.

7 Conclusion

Streaming has emerged as an important channel for music consumption, and Spotify is the most
prominent platform, with a higher market share than was held by retailers or radio stations in the
digital era. This paper has measured the power of Spotify to influence song success with its general
playlists, and we find clear evidence that Spotify has power to influence consumption decisions. We
document large and statistically significant effects. The major global playlists raise streams for
prominent songs substantially. Getting on Today’'s Top Hits is worth almost 20 million additional
streams, which translates to $116.000-and-$163.000about $77,000 in additional revenue from

Spotify alone. Playlists also affect the success of new songs and new artists. Getting on the top of

the New Music Friday playlist in the U.S. is worth roughly 14 million streams ($84;000-

$117.00055,315). Making the Global Top 50 chart raises streams by about 59,000 per day, or by

about 3 million overall. Playlists have important impacts on which songs are heavily streamed. The

major global lists tend to promote major-label and
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US-origin music, while the New Music Friday lists provide heavier coverage of independent and
domestic music.

The fact that playlists have substantial impacts on song success should be of interest for both
music industry participants and observers of platforms more generally. Growing concentration
in the streaming market, as well as other markets dominated by one or a few players, may

create a need for scrutiny of how platforms exercise their power.
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Figure 1: Daily Followers and US Streams for a Song added to Today's Top Hits.
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US-Canada New Music same-song rank differentials
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Figure 11: Effect of Appearing in New Music Friday on Normalized Streams.
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Table 1: Total Sample
Streams during 2017.+

Country Streams
Brazil 6,663.5
Canada 3,107.3
Switzerland 475.0
Colombia 815.8
Germany 5,931.7
Denmark 1,486.5
Spain 3,671.8
Finland 1,223.8
France 3,060.8
Great Britain 7,018.6
Hong Kong 289.8
Indonesia 1,253.4
Iceland 79.4
Italy 2,322.6
Mexico 6,186.0
Malaysia 637.4
Netherlands 3,390.9
Norway 1,967.5
Philippines 3,253.6
Poland 764.4
Portugal 431.6
Sweden 3,316.2
Singapore 744.5
Turkey 899.2
Taiwan 435.8

United States 25,620.5

Total 85,047.3

t All figures are expressed in
millions of streams.
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sample,
or still
on the
list at the
end, are
treated as
censored.
New
Music
Friday
followers
are
across 26
countries

Follower
Sss as of
Decembe
froo 31,
2017.
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0 . ‘
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2 (add) (erop) (add) {
8 e e L
! Add 3.346™ 3.047*
( e (0-60)
gD#ep 2757 -
L (6-69) {
6R: 0901 0944 0862
ONo.ofObs. 65650 85961 28896 3

L The dependent
variable is the total
ormalized streams
Qefined as daily
song streams in a
gountry divided by
the (country’s total
017
treams/1,000,000)
The  sample
(ncludes song-
untry
observations that
@Il within a 30 day
@indow around the
mdd (drop) date.
or the add
specifications, the
table reports the
coefficient on an
indicator variable
equal to 1 one day
after inclusion on
the list, as
explained in the

text. For the drop
specifications, the
table reports the
coefficient on an
indicator variable
equal to 1 two days
after exclusion
from the list, as
explained in the
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text. All
specifications
include song-
country fixed
effects and day of
the week fixed
effects. Standard
errors are
clustered on the
song-country level
and are in
parenthesis.

** Significant at the 5%
level.

*=* Significant at the 1%
level.
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t The
dependent
variable is an
indicator  for
whether a song
appears in the
daily top 200
Spotify
streaming
charts. All
specifications
include country
fixed effects.
effeets:
Standard
errors are
clustered at
the rank
level and
reported in
parenthesis.
The sample
includes
only the
weekly top
50 New
Music
Friday
recommend
ations,
recommen
dations, as
the lists
usually but
do not
always
include 50
songs.
* Significant at
the 10% level.
** Significant at
the 5% level.
*** Significant
at the 1% level.
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Abstract

Digitization has vastly increased the amount of new music produced and, because
of streaming, has raised the number of songs available directly to consumers. While
enhanced availability has levelled the playing eld between already-prominent and new
artists, creators may now be highly dependent on platform decisions about which songs
and artist to promote. With Spotify emerging as dominant major interactive music
streaming platform, this paper explores the e ect of Spotify’s playlists inclusion deci-
sions on both the promotion of songs and the discovery of music by new artists. We
employ four empirical strategies for measuring the impact of playlists on song success.
First, we examine songs’ streaming volumes before and after their addition to, and
removal from, major global playlists. Second, we compare streaming volumes for songs
just on, and just o , algorithmic top 50 playlists. Third, we make use of cross-country
di erences in inclusion on New Music Friday lists, using song xed e ects, to explain
di erences in streaming. Fourth, we develop an instrumental variables approach to
explaining cross-country New Music Friday rank di erentials based on home bias. We

nd large and signi cant e ects: being added to Today’s Top Hits, a list with 18.5
million followers during the sample period, raises streams by almost 20 million and is
worth between $116,000 and $163,000. Inclusion on New Music Friday lists substan-

tially raises the probability of song success, including for new artists.
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1 Introduction

Digitization has stimulated substantial growth in new song production and has, with the
development of online music streaming, also broken the traditional promotion and distribu-
tion bottlenecks inherent in terrestrial radio and traditional music retailing.! During 2016,
Spotify added over half a million (567,693) songs to its catalog and during 2017 nearly an
additional million (934,265).? As a result, Spotify users have access to 35 million tracks via
any Internet-connected device.® Consumers’ access to large catalogs, and the converse - that
creators, not just those from established record labels, have access to large audiences - are
on their face a substantial levelling of the playing eld, holding out the promise of decon-
centrating consumption toward a long tail of products hailing from diverse sources such as

independent record labels and foreign producers.*

Access to an increasingly large catalog creates a daunting problem of product discovery, how-
ever. Beyond getting consumers access to a large catalog, a major value-creating function
of a platform is helping consumers to discover music that they like. Broadly speaking, plat-
forms do this in two ways. First, they create personalized music suggestions, via individual
playlists such as Spotify’s Discover Weekly, or Pandora’s song- or artist-seeded individual
stations. These systems have been the subject of much research on recommender systems
and music taxonomy (see, for example, Adomavicius and Tuzhilin, 2005). Second, platforms
promote discovery via general, i.e. one-to-many, playlists. Some of these lists - like Spotify’s
Today’s Top Hits - are curated using human discretion and are often used to promote songs
and artists that are already widely known. Other curated lists - like Spotify’s New Music
Friday - are more speci cally dedicated to the discovery of new songs and artists. Algorith-
mic playlists - like the Global Top 50 or the U.S. Viral Top 50 - are, on the other hand,

based algorithmically on streaming charts rather than human curators.

The interactive music streaming market has a number of major participants, including Spo-
tify as well as services from Apple Music and Google.®> Spotify is growing quickly, and in

2017 Spotify was reported to have a 37 percent share of the subscription streaming market.®

1See, for example, Waldfogel, 2017.

2See http://everynoise.com/sorting_hat_closet/ for weekly lists of songs added to Spotify.

3See United States Securities and Exchange Commission (2018).

4See, for example, Zentner et al. (2013) showing that video consumption deconcentrates when consumers
have access to an online selection.

5See http://ww.businessinsider.com/google-reshuffles-its-music-products-2017-2.

6See https://www.statista.com/statistics/653926/music-streaming-service-subscriber-share/.


http://everynoise.com/sorting_hat_closet/
http://www.businessinsider.com/google-reshuffles-its-music-products-2017-2
https://www.statista.com/statistics/653926/music-streaming-service-subscriber-share/

With Spotify emerging as the leading interactive streaming service, it is interesting to explore
whether Spotify in uences consumption choices through its general playlists, which function
in two ways. First, playlists are potentially informative lists of songs that can simply make
users aware of particular songs. Second, playlists are utilities for listening to music: a user
who subscribes to a playlist can select it, then automatically play its songs in either rank
or random order. Users opt into playlists by subscribing to them at no cost, and the most
popular playlists have nearly 20 million subscribers. These developments raise questions
about how and whether playlists a ect consumption choices and promote the discovery of

new songs and artists.

Growing concentration in the streaming market puts streaming platforms among the handful
of online platforms that have come to dominate, or nearly dominate, their respective markets
in search advertising (Google), social networking (Facebook), online retailing (Amazon), and
others. Some observers warn of a new era of \Internet monopoly" and call for heightened
antitrust enforcement.” The usual concern about market dominance is that rms with market
power will harm consumers by charging high prices. While the major platforms do not
charge consumers high prices - and in many cases do not charge consumers at all - dominant
platforms warrant attention even if they do not deliver high prices to consumers.® Platforms
are sometimes alleged to a ect the fortunes of their suppliers, and in the music context,
platforms can play important roles in determining song and artist success, including the
determination of which songs and artists are discovered in the rst place.® While Spotify is
not a music producer, the major record labels have substantial ownership stakes in Spotify.
Sony BMG owns 5.8 percent, Universal owns 4.8 percent, Warner Music owns 3.8 percent,
and EMI has 1.9 percent. Merlin, which represents many independent record labels, owns
1 percent.’® It is therefore of interest to understand the extent of a prominent platform’s

ability to in uence which songs and artists succeed.

Against this backdrop, this paper explores whether Spotify has the ability to in uence users’

listening decisions. First, we ask whether playlist inclusion a ects the number of streams

"For example the Open Markets Institute argues that \Online intermediaries have emerged as the railroad
monopolies of the 21st century, controlling access to market and increasingly determining who wins and who
loses in today’s economy."” See https://openmarketsinstitute.org/issues/tech-platforms/. George
Soros has argued that the \fact that they are near-monopoly distributors makes them public utilities and
should subject them to more stringent regulations, aimed at preserving competition, innovation, and fair
and open universal access." See Porzecanski (2018).

8See Ip (2018).

9See Edelman (2011) and Zhu and Liu (2016).

10gee Lindvall (2009) and Arrington (2009).
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that songs receive. Second, we ask the related but distinct question of whether playlist
inclusion decisions a ect consumers’ discovery of new songs and artists. These questions
recall the traditional question of whether promotion on radio stimulates music sales, one that
is empirically challenging to address because playlist and airplay decisions are endogenous:
curators choose songs they expect will be popular. We employ four empirical approaches to
measure the impact of playlist inclusion on song performance. (1) We use the discontinuous
jumps in the number of songs’ playlists followers when widely followed lists add a song. (2)
For algorithmic playlists where we know the inclusion criterion, we compare streams of songs
just making the list with songs just o the list to measure the impact of list inclusion on
streams. (3) We exploit di erential song rankings on equivalent (New Music Friday) playlists
across countries to measure the impact of list rankings on product discovery and streams.
(4) We develop an instrumental variables approach to explain cross-country di erences in
New Music Friday rankings based on home bias in New Music Friday lists, along with the
size of domestic music markets. Larger markets have more domestic music, giving rise to
worse ranks for foreign songs in larger markets. Finally, we also explore who bene ts from
Spotify playlists, i.e. the sorts of songs - according to label type and artist national origin -

that are included on playlists.

We have three broad ndings. First, the major platform-operated playlists have large and
signi cant causal impacts on streaming, so the platform has power to in uence consumption
decisions, even among songs and artists that are already widely known. Appearing on
Today’s Top Hits, a list with 18.5 million followers during the sample period, raises a song’s
eventual streams by almost 20 million, which is almost a quarter of the average value of
streams for songs that make that playlist. Being on the Global Top 50 list raises a song’s
streams by about 3 million, or by about 3.3 percent of the average streams for songs that
make the Global Top 50. Second, Spotify also has substantial e ects on which new artists
and songs become discovered. Being ranked #1 on the U.S. New Music Friday list raises
a song’s streams by about 14 million. Third, most of the bene t of the global lists accrues
to US-origin major-label songs, while the New Music Friday lists have larger representation

from domestic and independent-label music.

This paper proceeds in 6 sections after the introduction. Section 2 provides background on
the various types of playlists as well as their functions; and the section discusses the literature

related to our study. Section 3 describes our data sources. Section 4 presents estimates of



the e ects of inclusion on Spotify’s major global playlists on streams. Section 5 describes
our various identi cation strategies for measuring the e ects of the New Music Friday lists
on product and artist discovery and discusses estimation results. Section 6 descriptively
explores the types of songs - by label type and national origin - that are included in various

playlists. Section 7 concludes.

2 Background on Playlists

2.1 The Types and Functions of Playlists

Playlists have two broad functions. They are both potentially informative lists of songs,
as well as utilities for playing the songs on those lists. Anyone is free to create and share
playlists, and many individuals do so. For example, Napster co-founder and early Face-
book investor Sean Parker maintains an in uential list called \Hipster International,” which
is widely credited with making New Zealand-based artist Lorde into an international su-
perstar.'! In addition to independent individuals, various other kinds of entities main-
tain playlists. For example, the major record labels, Warner, Universal, and Sony, operate

playlists through Digster, Topsify, and Filtr brands respectively.

Spotify itself maintains both curated and chart-based algorithmic general playlists, as well
as playlists that are customized to each user. These di erent playlists work in di erent ways.
Among the lists that are not tailored to individual users, lists vary along two dimensions:
whether they are algorithmic or curated by humans and whether they are global or country-
speci c. These dimensions in turn determine the empirical strategy that we use to identify

the causal e ects of list inclusion.

Playlists like Today’s Top Hits, RapCaviar, Baila Reggaeton, and Viva Latino are all global
lists that are curated by Spotify employees, who choose songs for inclusion on the lists. These
lists generally add songs that have been streamed on Spotify for some period of time and
include songs and artists that are already widely known. These playlists are therefore likely
to be used as utilities for listening to the songs that they include, rather than as sources

of information revealing heretofore obscure songs or artists. (The fact that songs appearing

11See Bertoni (2013).



on these lists have already been streamed on Spotify nevertheless has the advantage that
one may be able to measure the impact of appearing on one of these lists from the changes
in streams right around the time that the song appears on the list.) Spotify tests songs on
playlists with smaller followings, then promotes promising songs to the major global lists
with wide followings. \By the time a song lands on Today’s Top Hits or other equally
popular sets, Spotify has so relentlessly tested it that it almost can’t fail."*> The day that a
song appears on a particular playlist, the list’s followers now can see the song on a playlist
to which they subscribe. Hence, the number of the song’s followers rises by the number of
playlist follower when the add occurs. Other playlists, too, can add the song at or around
the same date, so the number of playlist followers that a song has can jump by more than

the number of followers of the list in question.

The New Music Friday playlists are also curated by Spotify but are country-speci ¢ and are
updated every Friday, when 50 new songs are added to the list for each country. Because
songs are added to the New Music Friday list for only a week - and because the added
songs are generally added when they are literally new to Spotify - these playlists bring new
information in addition to functioning as utilities for listening to the new music that they
present. From that perspective, the New Music Friday lists have the possibility of promoting
the discovery of new songs and artists. The drawback is that there is generally no streaming
history for dates prior to the songs’ inclusion on the lists, which makes it impossible to
measure the impact of list inclusion from examining how streams change as the songs move

to these lists.

Spotify has a widely followed Global Top 50 list, which algorithmically includes the top 50
songs of the previous day according to streams. Spotify also maintains the corresponding
Top 50 lists for each country, which are based on the country-speci ¢ streams from the
previous day. Because the inclusion criteria for these lists is transparent, one can compare

streams of songs just making the list to identify the e ect of inclusion on the Top 50 lists.

2.2 Challenges in Getting on Lists

Music from diverse sources such as independent recording labels has little di culty getting

included in the catalogs of streaming services carrying tens of millions of songs. But getting

125ee https://www.wired.com/2017/05/secret-hit-making-power-spotify-playlist/.
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noticed by a wide audience is harder, and getting a song onto a major playlist may be
subject to the same pressures traditionally surrounding radio airplay. As the Guardian puts
it, \Getting songs on to popular playlists is increasingly important to labels, but there may
be potential for shenanigans."'®* According to Vulture, \The most in uential playlist in
music is Spotify’s RapCaviar, which turns mixtape rappers into megastars. And it’s all
curated by one man."'* The curator, Tuma Basa, was born in Zaire and raised in lowa. A

2017 Billboard article described its curator, Tuma Basa as \one popular dude."®

Radio regulation in the U.S. has traditionally frowned upon content owners’ in uence on
programming choices. When labels’ payments to disc jockeys came to light in the late
1950s, Congressional hearings ensued, Alan Freed’s career was ruined, and Dick Clark’s was
tarnished.'® Decisions about which songs to promote are instead viewed like editorial content
decisions at journalistic outlets, with an expectation that these decisions be unbiased. Critics
of payola argue that listeners \want to know that the music they hear on the radio is chosen
because of its artistic merit or popularity."!’ Under U.S. law, \When a broadcast licensee
has received or been promised payment for airing program material, then the station must
disclose that fact at the time material is aired and identify who is paying for it."'® These
laws do not apply to streaming services, although Spotify has pledged not to take payola.®
Pandora has negotiated an agreement with Merlin to pay lower royalties in exchange for

more frequent streams, which some observers have likened to payola (Peoples, 2016).

Spotify operates in multiple countries and is not constrained by national borders. While
many countries, including Canada, France, and Australia, have traditionally mandated do-
mestic content shares on radio, no such regulations exist for Spotify (see Richardson and
Wilkie, 2015). To the extent that playlists are in uential in determining which countries’
repertoires are consumed, playlist decisions will be of some interest to those concerned about

cultural trade.

13See https://ww. theguardian.com/technology/2015/apr/10/things-we- learned-indie-labels-digital.
14See http://www.vulture.com/2017/09/spotify-rapcaviar-most-influential-playlist-in-music.
html.
155ee https://ww.billboard.com/articles/business/7865934/spotify-tuma-basa-curating-rapcaviar-pitch
16See Nayman (2012).
17See http://futureofmusic.org/blog/2015/05/13/music-community-unites-against-radio-payola.
18gee https://www.Fcc.gov/consumers/guides/fccs-payola-rules.
19gpotify claims to be \absolutely against any kind of ‘pay to playlist’, or sale of playlists ... It’s bad for
artists and it’s bad for fans." See Cookson (2015).
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2.3 Playlist Concentration

Thousands of playlists are available to users at Spotify. While we will discuss data in detail
below, we note here that we have obtained the names, owners, and number of playlists
followers for the top 1,000 lists at Spotontrack.com, a website that tracks Spotify playlists.
The top list is Today’s Top Hits, a curated list maintained by Spotify with 18.5 million
followers as of December 2017. The next-most followed list is the algorithmic Global Top
50, with 11.5 million followers. Next are RapCaviar with 8.6 million, Viva Latino with 6.9
million, and Baila Reggaeton with 6.3 million. A few things are noteworthy. First, all of the
25 most-followed playlists are maintained by Spotify, and all but one of them (Global Top
50) are curated and therefore discretionary rather than algorithmic. Second, the number of
followers drops o fairly quickly, particularly after the top 25: The 200" list has 166,000
followers. The 500%" has 43,000, and the 1000t has under 11,000, fewer than one percent of

the top list’s followers.

By list owner, the concentration is large. Spotify’s curated lists have over three quarters of
the followers of the top 1,000 playlists; Spotify’s algorithmic lists have another 9.3 percent.
The lists operated by the major record labels, Filtr, Digster, and Topsify, have 3.1, 2.7, and
0.9 percent of the top 1000’s cumulative followers. The remaining list owners have negligible
shares. It is clear that Spotify dominates playlists at Spotify. If playlists in uence listening

choices, then Spotify’s curated lists are well-positioned to wield in uence.

2.4 Relationship to Existing Literature

Our questions - how do playlists a ect song success and artist discovery, as well as whether
platform operators have preferences and biases - have antecedents in a number of existing
literatures. There is a large theoretical literature on platforms (see Rysman, 2009 for a
summary) and a growing body of theoretical work on platform incentives to bias (Hagiu and
Jullien, 2011; Corniere and Taylor, 2014), but empirical work on the question of whether
platforms are biased in their treatment of suppliers is less common. Some examples include
Edelman (2011) on whether Google biases its search results in favor of its own properties
and Zhu and Liu (2016) on whether Amazon enters the markets for products established by

its marketplace vendors.



While we are aware of no existing work on playlists per se, the questions raised here resemble
the question in a number of existing literatures. There is some work on music discovery at
Spotify (Datta et al., 2017) and Deezer (Aguiar, 2017). Moreover, curated playlists contain
critics’ assessments, so studying the impact of playlists on subsequent streams resembles work
like Reinstein and Snyder (2005) on the impact of critical assessments on movie box o ce
revenue. Playlists are in some ways like radio stations, and playlist inclusion resembles a radio
station’s decision to air a song, so the study of playlist impacts on streaming resembles the
question addressed in studies of the impact of airplay on recorded music sales (Liebowitz,
2004; Dertouzos, 2008; McBride, 2014). Algorithmic playlists are literally most-streamed
lists, so measuring their impact on streams is very related to existing work on the impact
of best-seller lists on sales and product variety (Sorensen, 2007). Salganik et al. (2006) nd

evidence that signals of popularity such as best-seller lists lead to a \self-ful lling prophecy.”

Playlists resemble advertising, and some of the empirical challenges in measuring their impact
recalls the challenges described in the new literature on advertising e ectiveness (sSee, e.g.
Lewis et al., 2015). The question of whether playlists at a streaming service partially owned
by some of the underlying rights holders would favor certain kinds of repertoires in its
playlists echoes some questions pursued in the literature on media bias (Reuter and Zitzewitz,
2006; DellaVigna and Hermle, 2017).

3 Data

The underlying data for this study come from three separate sources and consist of two
distinct datasets. The rst dataset includes streaming data at Spotify. In particular, we
observe the daily top 200 songs on Spotify, by country, for 26 countries, during 2016 and
2017.2° The 2017 country-speci ¢ streaming data are available directly from Spotify, which
provides daily streaming totals for each of the top 200 songs by country, back to the start of
2017.2* The 2016 streaming data are from Spotontrack.com, which tracks streams, playlists,

and followers on Spotify.?? The 2017 country-level streaming data contain 1,847,615 daily

20We include these 26 countries because we can obtain the New Music Friday lists for these countries.
See below.

21See https://spotifycharts.com/regional.

225ee Seehttp://www.spotontrack.com.
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song observations and a total of 48,731 song-countries and 19,055 distinct tracks.?®> In
addition to country-speci ¢ top 200 daily streams, we also have the daily global top 200
streams, which cover all countries where Spotify operates and include 1,764 distinct songs
during 2017. Table 1 reports the total number of streams, by country, in the 2017 country-

level data.

Our second dataset also comes from Spotontrack.com and corresponds to the songs that
appear on various playlists, including their ranks and the dates the songs enter and leave
the lists. We focus on the ve most-followed Spotify-owned global playlists, as well as three
country-speci c¢ Spotify-owned playlists. The global lists are the four global curated lists (To-
day’s Top Hits, RapCaviar, Viva Latino, and Baila Reggaeton) and the algorithmic Global
Top 50. The country-speci c list is New Music Friday, which is available separately for each
country. The New Music Friday playlists for 2017 include 52,851 distinct song-countries and
20,621 distinct songs (because many songs appear on multiple countries’ recommendation
lists). While we have New Music Friday playlists for all of 2017, our data on the global
curated playlists begins at di erent dates during 2017, with the latest in May, 2017. Table
2 summarizes the information, with both the number of followers for the lists, as well as the

dates we start observing the lists.

We also obtain song and artist characteristics for each song streaming in the country-level
and global streaming sample in 2017, as well as for each song on the playlists we study.
In particular, we observe the record label and the International Standard Recording Code
(ISRC) for each song.?*

The label identity allows us to create of measure of whether songs are released by major
or independent record labels. There is a total of 6,577 distinct labels in our combined
datasets, and no clear way of classifying them into major and independent. Using their
names, however, we are able to identify some of the obvious major labels.?®> While this
method guarantees that all the labels that we classify in the major category are indeed

majors, some of the non-obvious majors may end up being identi ed as independent labels.

23Countries included in the sample are Brazil, Canada, Switzerland, Colombia, Germany, Denmark,
Spain, Finland, France, Great Britain, Hong Kong, Indonesia, Iceland, Italy, Malaysia, Mexico, Netherlands,
Norway, Philippines, Portugal, Sweden, Singapore, Turkey, Taiwan, and the United States.

24The ISRC is the internationally recognized identi cation tool for sound and music video recordings. See
https://www.usisrc.org/.

25We classify as major any record label containing the following names: Asylum, Atlantic, Capitol, Epic,
Interscope, Warner, Motown, Virgin, Parlophone, Republic, Big Machine, Sony, Polydor, Big Beat, Def Jam,
MCA, Universal, Astralwerks, WM, Trinidad & Tobago, RCA, Columbia.
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Since the main goal of this classi cation is to make comparisons, for instance, between the

major composition of di erent playlists, our measure nevertheless remains informative.

The ISRC code provides us with measures of the national origin of each song, as well as its
release vintage. We are also interested in separately studying the new artists on the New
Music Friday lists. To determine which artists are new among those whose songs are in the
2017 country-level streaming data, we start with artists whose songs are on the 2017 New
Music Friday playlists, then remove the artists with songs observed streaming during the
previous year 2016. For each of the remaining artists, we obtain recording release histories
from Musicbrainz, an open music encyclopedia that collects music metadata and makes it
available to the public.?® Using these histories, we discard artists whose rst release predates
2017. This leaves us with a set of 670 new artists whose songs appear on the New Music

Friday playlists during 2017.

We use these underlying datasets to create our main analysis samples, which consist of the
songs from a playlist, merged with the streaming data. With this sort of dataset we can do
two broad things. For songs already appearing on the streaming charts when they appear on
a playlist - from the global curated playlists - we can construct time series on their streaming,
before and after their chart appearance. We also observe when the songs leave the chart, so
we can also examine the evolution of their daily streaming before and after they leave the

chart.

The second broad dataset, for the New Music Friday playlists, resembles the rst, except
that we lack any pre-listing streaming data. We link dates and ranks for appearances on a
country’s New Music Friday lists with subsequent daily appearances on the country’s daily
top 200 streaming chart. Because songs remain on the New Music Friday lists for 7 days,

there is no variation in the timing of removal.

We use a di erent approach for the analysis of the impact of inclusion in the Global Top
50 algorithmic playlist. Because we observe the top 200 streaming songs in each day of
our sample - and because the Global Top 50 playlist is based on the song’s past streaming
ranking - we can replicate the Global Top 50 playlist and additionally observe the level of
streams for songs that are ranked 515t and lower. We can therefore pay particular attention

to a possible discontinuity in streams around the 515 ranked song. In empirically exploring

26See https://musicbrainz.org/.
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the determinants of the Global Top 50, we noticed that playlist matched the previous day’s
streaming ranking for 133 days during 2017 and matched the streaming ranking of two days
earlier for 218 days. We use only these 351 of 365 days in our estimation, where we know
not only the Global Top 50 but also which songs would have been listed next had the Global
Top 50 list been longer.

For calculating the e ect of playlist inclusion on streaming, we will ultimately be interested
in the time that songs spend on the playlists. Measuring this is complicated by two facts.
First, songs can enter and leave the playlists more than once. This is rare, except for the
Global Top 50, where songs can enter and leave the playlist according to the vagaries of the
streaming charts. Songs on this list have an average of 1.38 spells. Table 2 describes the
duration of the song spells on various Spotify lists in our data. For example, the mean spell
on Today’s Top Hits is 54.2 days, and the average number of spells per song is 1.004. The
mean spell on RapCaviar is 39 days (with an average of 1.07 spells per song), and the mean
spell for Viva Latino is 111 days (with 1.03 spells per song). A second complication arises
from the fact that some songs are already on the list when our playlist data begin, and some
are still on the lists as our data end, so our duration measures are censored. We can use
censored regression to estimate the underlying mean spell length. Table 2 reports these, and
as expected they are longer than the raw averages. Finally, we multiply the underlying mean

spell lengths by the number of spells per song.

4 E ect of List Inclusion on Streams

This section examines the e ects of the Spotify’s largest global curated playlists, which tend
to include already-established songs and artists, on the volumes of streaming experienced
by included songs. We turn in Section 5 to e ects of the New Music Friday playlists on the

performance of new songs, or product discovery.

4.1 E ect of Inclusion on Global Playlists

Before turning to regression approaches, a simple look at some data is instructive. Figure 1

shows the evolution of playlist followers and U.S. daily streams for a song added to Today’s
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Top Hits during 2017. The song \What Ifs" by Kane Brown was added to the Today’s Top
Hits playlist on October 5, 2017. On or about that date, the number of playlist followers for
the song jumped from 11.6 to 29.2 million. The number of playlist followers then uctuated
about 30 million for about a month. On November 2, the song was removed from Today’s
Top Hits, and its number of followers fell from 30.8 million to just 10.8 million. In subse-
guent months the number of followers continued to generally decline, sometimes rapidly as

particular playlists removed the song.

The large and discontinuous jumps in followers for the Kane Brown song above, which
was added then removed from the most followed playlist on Spotify, suggest a method for
measuring the impact of playlist inclusion on streams for the global playlists. We can look at
the streams in countries where the song was already observable among the streaming songs
(among the top 200 daily songs for the country) prior to the song’s inclusion on the list. We

can then examine whether the streams change with the discontinuous change in followers.

The idea here borrows from the regression discontinuity approach (Lee and Lemieux, 2010).
Our assumption here is that a song’s underlying popularity evolves smoothly after release as
people hear of the song, and some little-followed playlists add the song. But when a list with
many followers adds the song, the song is \treated," and the number of users exposed to the
song via playlists jumps discontinuously. Figure 1, which overlays U.S. daily streams against
the number of the song’s daily followers, provides much of the answer for this song. In June
2017, the song has nearly 200,000 daily streams, and the number rises steadily (around day
of the week uctuations) to October. On October 5, when the number of followers jumps
from about 12 to nearly 30 million, the number of daily streams rises by roughly 100,000.
Later, on November 2, when the number of followers falls by almost 20 million, the number

of daily streams falls by about 100,000.

Approaching this systematically, we can pool song-countries and exibly characterize streams

around the event via the following model:

Sict =+ ict a+ it 1)

Here, sict IS @ measure of streaming for song i in country c on day t, 4 is a day of the week

e ect, . isacountry-speci ¢ song xede ect, and "j is an error term. Finally, refers to
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the days since the event (or until the event when < 0). We can then plot the coe cients

against

Before turning to estimates, we need to clarify the designation of the event day. We observe
the date that a song enters a playlist, but we do not know what time the song entered. This
creates some challenges in de ning the last untreated and rst treated days, i.e. the last
full day in which the song is not on the playlist and the rst day in which the song is on
the playlist all day. Our data are updated every 24 hours, so the appearance of a song on a
playlist on a particular day means that the song may have entered the list any time during
the previous 24 hours. This in turn leaves two possibilities. One is that the song entered
today, so that the apparent entry day is actually partially treated, while the day before its
appearance was fully untreated. The second possibility is that the song entered the list the
previous day. In that case, the entry day would be fully treated, while the previous day
would be partially treated. We cannot distinguish these two cases. We can be con dent,
however, that two days before the entry day is fully untreated, while the day after the entry
day is fully treated. Hence, our shortest window for e ect estimation compares two days
prior to the entry day to one day after. In our estimation below we set = 0 on the last
de nitely fully untreated day and = 3 for the rst de nitely fully treated day. We de ne

the drop window analogously.

The left panel of Figure 2 reports the results of this estimation for the event of addition
to Today’s Top Hits. A few things are clear. First, there is a pre-event trend: streams are
rising when songs are added to the playlist, although streams fall on the last pre-treatment
day. Second, while there is no apparent e ect on the rst potentially partially treated day
(the day prior to the song’s appearance on the list, with = 1), streaming rises somewhat
on the (potentially partially treated) entry day ( = 2) and substantially by the rst fully
treated day ( = 3). Streams continue to rise for two more days, then begin rising at a
steady rate. The right panel of Figure 2 reports the analogous model for the removal events

from Today’s Top Hits.

We estimate the e ect as the coe cient on the rst fully treated day relative to the level
of the last fully untreated day. (This may be conservative, as streams seem to be rising
relative to trend for a few days after the add event). We use data from countries that di er

substantially in size and therefore streaming volumes. To make the data comparable across
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countries, we normalize streams by the countries’ annual total streams in our data. We then
multiply these gures by a million to put them in convenient units. We refer to this measure

as \normalized streams."

Table 3 reports e ects of additions and removals from the four curated global playlists.
We estimate that appearing on Today’s Top Hits daily raises streams by 3.346 normalized
streams (standard error=0:28). We estimate that removal from Today’s Top Hits reduces
normalized streams by 2.757 (0.09). What is the size of the bene t of being included among
Today’s Top Hits? Songs remain on Today’s Top Hits for an average of 74.4 days (see Table
2). If we assume that the e ect evolves linearly, then the average daily e ect is 3.052, the
average of the add and removal e ects (= w) Today’s Top Hits is a global list,
so to calculate its e ect on streams we multiply the average daily e ect estimate by the
average spell length of its songs, by the average spell per song entering the playlist, and by
the global number of streams in millions. This is (3.052 streams per million)  (74.4 days)

(1.004 spells) (85,047 million streams).?” This yields 19.4 million additional streams,
which - given Spotify’s ostensible payments of $6 to $8.4 per thousand streams - translates
to between $116,397 and $162,956 in payments from Spotify alone. See Table 4, which also
presents estimates for the other global lists. The low end of these estimates vary between
$60,265 for RapCaviar and $303,047 for Viva Latino. The high end of the estimates varies
between $84,372 at RapCaviar and $424,265 at Viva Latino. We defer further discussion of

magnitudes until we discuss the e ect of appearing on the Global Top 50 playlist.

4.2 E ect of the Global Top 50 Playlist

If we knew the algorithm underlying algorithmic lists, then we could use a discontinuity
approach to measure the impact of list inclusion on streams, comparing songs that just
made the list to those that just missed inclusion. We do not know the list algorithms
generally, with the important exception of the most-played lists, such as the Global Top 50,
which shows the top 50 songs according to a previous day’s streams. Because we observe the
streams for the top 200 songs each day, we know which song would have been listed as the

Global Top 515t through 200" if the Global Top 50 list were longer, or if it were a Global

2TWhile some songs appear more than once on Today’s Top Hits, the songs included in the sample used
in Table 3 only enter the list once. In the above calculations, we therefore assume that the e ect of entering
and exiting the playlist is the same for songs that would enter the playlist more than once.
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Top N.%2 This allows us to ask whether the dropo in streams is larger for the previous
day’s 515 song than for songs at nearby ranks. The e ect of list inclusion will then show
up as a discontinuity in the relationship between streaming and the previous day’s ranks
between the ranks of 50 and 51.

To implement this exibly, we estimate the relationship between the change in log streams

across sequential ranks and the rank, with the following model, estimated on the global data:

rt (2)

where s, is global streams at rank r on day t,  is an estimated parameter, and " is
an error term. This delivers a sequence of coe cients , showing the percent reduction in
streams as we move from the (r 1)™ ranked song to the rt" ranked song. If we plot these

r coe cients in the neighborhood of s, is there a jump?

Figure 3 reports the result of estimating equation (2) using the daily global top 200 Spotify
streaming data. The decline in streams is roughly steady at just under 2 percent for ranks
40-50. The decline from 50 to 51 jumps to 6 percent, then returns to the roughly 2 percent
for ranks 52-60, and the di erence is large relative to the con dence interval. Thus, being
on the list adds about 4 percent to streams, and a regression of log Ss—f;t on rank and an
indicator variable equal to one for the 51t rank gives a coe cient of -.047 (standard error
of .008).

How big is the overall e ect of being on the Global Top 50? The average global streams for a
song at the 50" position on the Global Top 50 (and therefore ranked 50" the previous day)
is 1,242,513. Multiplying this by 0.047 gives 59,000 streams per day. The average duration
on the Global Top 50 chart (correcting for censoring and the number of spells per song) is
51.24 days. If the e ect of being on the list were the same across ranks - and therefore the
same for each day spent on the list - then we can calculate the overall e ect of appearing on
the Global Top 50 as (0:047) (1;242;513) (51:24) = 3;021;867 streams. Songs on the
Global Top 50 playlist have an average of 92.8 million global streams, suggesting that 3.3

28|n our data, we observe that the Global Top 50 is based on either the streams from the previous day or
from two days ago. The Global Top 50 playlist matched the previous day’s streaming ranking for 133 days
and the streaming ranking of two days earlier for 218 days during 2017. We therefore observe the songs that
would have been ranked 515t through 200" for 351 days in 2017 (out of the 365).
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percent of their streams arise from being on the Global Top 50 chart.

4.3 Magnitudes and Mechanical E ects

To gauge the size of the e ect estimates, it is useful to compare them to the e ects that
would arise mechanically if streaming users spent all of their time using a playlist to which
they had subscribed. Take Today’s Top Hits, a playlist with 50 songs with 18.5 million
followers during the sample period. If followers did all of their listening through the playlist
and listened to all 50 songs per day, then entering the list would add 18.5 million daily
streams to each song on the list. With a bit of detective work we can estimate that Spotify
users listen to an average of roughly 7 songs per day. In 2016 Spotify reported paying $1.813
billion to rights holders.?® Spotify also reported paying between $6 and $8.4 per thousand
streams. This suggests between 216 and 302 billion worldwide Spotify streams during 2016,
or a midpoint of 259 billion streams. Spotify reported 100 million active users during 2016.%°
Given 365 days in the year, this suggests that users listened to an average of 7.1 songs per

day.

Applying this average listening propensity, if Today’s Top Hits users spent their listening
time only with the list, then daily streams for listed songs would rise by about 2.6 million
= (1%%) streams per day. Our econometric estimate of the daily streams e ect of being
added to Today’s Top Hits is 259,531, which is 10 percent of the maximum mechanical e ect

(see Table 4). For the other global curated lists, the share varies between 15 and 22 percent.

4.4 E ects Outside of Spotify

We would like to know whether Spotify playlist inclusion has an impact outside of Spotify
streaming. One measure of sales we can obtain is the daily U.S. iTunes top 100 ranking
based on the volume of permanent downloads. We obtain these rankings for April 1-Dec 31,

2017, then match tracks with those added to Today’s Top Hits.3!

We are able to match 82 tracks we observe added to Today’s Top Hits. Using the matching

29gee https://www.statista.com/statistics/487332/spotify-royalty-payment-costs/.
30See https://www.statista.com/statistics/367739/spotify-global-mau/.
31The iTunes rankings are from itunescharts.net/us/charts/songs/2017/.
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tracks, we regress iTunes sales ranks on a track xed e ect and an indicator for the period
after the track is added to the playlist. We perform the estimation using windows from 2 to
10 days around the add date. If being added to the playlists stimulated sales of the track
at iTunes, we would expect a negative coe cient, re ecting an improving rank. Instead,
the coe cients are all positive. They are also signi cant, beginning with the speci cations
including 3 days on either side of the add event. This indicates that sales are dropping,
relative to other songs, on iTunes even as songs are added to Today’s Top Hits. Hence,
we do not nd any evidence of an impact of Spotify playlist decisions on popularity - and

therefore revenue generation - outside of Spotify.

5 New Music Friday Playlists and Product and Artist

Discovery

Above we documented large and signi cant impacts of Spotify’s playlist decisions on the
success of songs added to major global curated playlists. As re ected in the fact that those
songs had streaming histories prior to their addition to playlists, the songs added to the
mayjor global playlists are widely known prior to their addition to those playlists. \Product
discovery" is an elastic term. Even a song well known to some people must be \discovered™”
before being adopted by others. Hence, even the major global playlists promote discovery
of songs and artists. That said, the promotion of new music stands as a potentially di erent
sort of product discovery, at least in degree if not also in kind. Moreover, the promotion
of music that is not only new but is also by artists who are themselves new to the market
0 ers a greater degree of product discovery that the promotion of widely known or even new
songs by known artists. With these distinctions in mind, we turn now to analyses of Spotify

playlists that explicitly promote new music, the New Music Friday lists.

Each week, Spotify constructs a rank-ordered list of 50 new songs for each country in which
it operates. These New Music Friday lists di er across country, albeit with overlap, so that
across our 26 countries, Spotify recommended an average of 397 distinct songs per week
during 2017. Of these songs, about 17 percent become successful in the sense of appearing
in at least one country’s top 200. This dwarfs the unconditional success rate. Of the 934,265

songs entering Spotify in 2017, only 19,055, or 2 percent, entered the daily streaming top 200
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in at least one of our sample countries. This, in turn, suggests a bene t of the New Music

Friday lists in reducing the costs consumers face in discovering which music to sample.

Some of the New Music Friday recommendations are for songs by already-known and suc-
cessful artists, with whom listeners are already acquainted. Other recommendations are for
songs by new and previously unknown artists, raising the possibility that these lists help
with artist discovery. Songs almost always arrive on the New Music Friday list the day they
are released, so we cannot use the before and after approach employed for the global lists
above. Instead, we can ask how eventual streaming varies with songs’ New Music Friday
ranks. As a way to introduce our approach, we begin by showing the share of songs at each
New Music Friday rank that ultimately appear in the recommended countries’ top 200 daily
streaming charts. Figure 4 summarizes these relationships for the top 20 recommended songs

using all of the country-weeks in the sample.

Songs with better ranks on the New Music Friday playlists are more likely to appear on the
daily Spotify top 200 streaming charts. Close to 85 percent of the songs ranked #1 on a
country’s New Music Friday lists appear on the country’s streaming chart, as do over 80
percent of those ranked #2. The share charting declines monotonically in rank, reaching
about 10 percent for songs ranked 20 (or, not shown, lower). We observe a similar relationship
between recommendation rank and the share of songs appearing in the top 100, as well as in
the top 50, 25, or 10 (not shown). In short, songs with top 10 recommendations have some
chance of appearing in the top 200 or even the top 100, while songs recommended outside

the top 20 are rather unlikely to achieve even the top 200.

Figure 4 shows that songs with higher-ranked recommendations tend to achieve higher
streaming ranks. This is suggestive that high recommendation ranks matter for performance.
But whether higher-ranked recommendations actually cause better streaming performance
is another matter requiring di erent evidence. That is, the relationships in Figure 4 re ect
some combination of a causal impact of New Music Friday list rank choices and the ability
of list curators to predict which songs are headed for success regardless of the New Music

Friday playlist ranks.
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5.1 Song Fixed E ect Approach

The New Music Friday lists di er across countries, and this creates a possible empirical
strategy for measuring the impact of New Music Friday ranks on success. Figure 5 provides
an illustration of the cross-country variation in New Music Friday rankings, comparing the
U.S. and Canadian New Music Friday lists released on December 10, 2017. The rankings are
positively correlated, but they are substantially di erent. If we take the view that countries
have similar tastes but are treated with di erent rankings, then we can measure the e ects
of New Music Friday rankings by comparing the streaming performance of the same songs

in di erent countries where they have received di erent New Music Friday rankings.

Figure 6 shows the U.S.-Canada rank di erential distribution for the entire year. Of the
songs appearing on both lists, the mean and median di erential is roughly zero, but there
is variation. The question asked by this measurement approach is whether the songs ranked
higher in, say, the U.S. than Canada perform systematically better in the U.S. than Canada.
Using a binary measure of whether a song (eventually) appears in the country’s daily top 200
streaming chart as the outcome, the song-speci ¢ di erential can take one of three values:
1, 0, and -1. Figure 7 shows the relationship between the rank di erential on the horizontal
axis and the smoothed outcome measure. Songs with a better rank in the U.S. are more
likely to make the Spotify streaming charts in the U.S. than Canada. This is preliminary

evidence that di erential New Music Friday rankings give rise to di erential stream success.

To implement this approach for all countries via a regression, de ne D2 to be a binary
measure of whether song i appears among the daily top 200 streaming songs in country ¢ at
some point after entering the New Music Friday playlist. Next, de ne |, as a dummy that

is 1 when song i in country c is ranked rt" on the country’s New Music Friday list.

As noted above in the discussion of Figure 4, a regression of D7 on the [ terms does
not indicate the e ect of rank on streaming. The unobserved quality of the song - to the
econometrician - a ects both rank and streams. Presumably, songs that are good will have
both high placements on the list and high streaming. If we had a measure of each song’s
quality, then we could control for this directly, and then measure the impact of the New
Music Friday ranks on streaming. While we do not observe song quality, we do observe
whether the song appears in the Spotify top 200 streaming charts as well as the song’s New

Music Friday rank in di erent countries. Hence, we can include a song xed e ect to control
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for its quality, then ask whether the song is more likely to appear in the streaming charts in

countries where it has a more favorable recommendation. That is, we can estimate

i + e 3)

In this setup ; is the unobserved quality of song i. Under the assumption that songs have
similar appeal in di erent countries, or that ; is the same across countries, the coe cients
" show how ultimate streaming success varies with position on the New Music Friday list.

That is, " provides evidence on the causal impact of higher recommendation ranks.

Figure 8 reports the estimated parameters " (with °° normalized to 0) from two speci ca-
tions, with and without song xed e ects. The line labelled \OLS," from the speci cation
without song xed e ects, echoes the \top 200" bars in Figure 4. The \Song Fixed E ects"
line comes from a speci cation including song xed e ects, and the size of the e ect of a
top ranking is smaller with the song FE included. Songs with a number 1 rank are over
80 percentage points more likely to appear on the streaming charts than songs ranked 50",
After including song xed e ects, this di erential shrinks to just below 50 percentage points.
This nding is consistent with the idea that some part of the raw relationship between ranks
and streams arises because curators give favorable ranks to songs they expect consumers
will like, rather than a causal impact of the New Music Friday playlist ranking on streams.
The e ect falls sharply with rank, to about 18 percentage points at rank 10 and to about
4 percentage points at rank 20. (We provide evidence on statistical signi cance in Table 5

below).

Even controlling for song quality with song xed e ects, two main threats to identi cation
remain. The rstis that countries have di erent tastes, in which case perceived song quality
would di er across countries, and a single song xed e ect that is common across countries
would not control for song quality. A second challenge is that country-speci ¢ New Music

Friday lists will di er across countries for endogenous reasons. We explore these in turn.

The song xed e ects approach assumes that unobserved song quality is the same across
places where the song receives di erent ranks. This puts some burden on places having
similar preferences. We deal with this by grouping countries with a common language, with

an English-speaking group consisting of the US, Canada, and Great Britain and a Spanish-
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speaking group consisting of Spain, Mexico, and Colombia. We can verify the similarity of
these countries’ musical tastes, based on Spotify listening. Using the 2017 streaming data
to create a vector for each country with the share of streams for each artist, we see that
the correlations between linguistically similar countries’ vectors are among the highest. The
correlation for the US and Canada is 0.95, and the correlation for Mexico and Spain is 0.93.

We then re-estimate (3) using only similar countries.

Rather than report a proliferation of gures, we summarize our results by estimating (3) with
three rank dummy variables (ranks 1-5, ranks 6-10, and ranks 11-30) rather than 49. Table
5 reports these results, starting with OLS and the baseline song xed e ects approaches in
columns (1) and (2). Columns (3) and (4) report speci cations using English (US, Canada,
and Great Britain) and Spanish-language (Spain, Mexico, and Colombia) country groups,
respectively, and results are quite similar to the baseline.*> E ects for ranks 1-5 are large,
e ects for ranks 6-10 are smaller but signi cant, and e ects for ranks 11-30 are small and

insigni cant.

This still leaves a concern that ranks are endogenously di erent across countries. Perhaps
the most salient concern arises from domestic music, which one might expect to be both
better-ranked on its home-county New Music Friday list, as well as better-performing on its
domestic streaming chart but not because the better ranking causes the better performance.
The New Music Friday lists have elevated ranks for domestic music: on average domestic
music makes up 15 percent more of the New Music Friday listings at home than abroad. To
avoid this problem, we re-estimate the model excluding domestic music. Results, in column

(5) of Table 5, are very similar to the baseline results.

5.2 New Songs and Artists

While all of the songs entering the New Music Friday lists are new, many are by established
artists. While the popularization of a new song, even if by an established artist, requires
product discovery on the part of curators and consumers, ascertaining whether the New
Music Friday list can promote discovery of works by new artists is of separate interest.
In order to study artist discovery we would like to estimate the New Music Friday e ect

separately for artists who are not already widely known to consumers. To this end we re-

32\We also obtain very similar results using only the US and Canada, and Spain and Mexico, respectively.
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estimate the model including only songs by less-well-known artists. Column (6) of Table
5 includes only independent-label artists without streams in the 2016 data, and results are
similar. Column (7) includes only the demonstrably new artists, those who not only have
no streams in 2016 but whose rst recording appears in 2017. This reduces the sample size
sharply, to 2,221. Still, results remain quite similar, although standard errors rise. Column
(8) uses only the new artists and excludes domestic music. Results are again quite similar.
Finally, column (9) uses new independent artists, again with similar results. We conclude

that the New Music Friday playlists aid in the discovery of new artists.

5.3 Instrumental Variables Approach

Even with domestic music excluded, one can be concerned that the di erential rankings of,
say, French songs in the US and Germany may endogenously re ect di erential curatorial
expectations about tastes in the two countries. To get around this we would require a source
of variation in the rank of particular songs across countries that is unrelated to the appeal

of the song.

Home bias, along with di erent-sized home markets, gives us a possible strategy. Suppose
there is home bias in the New Music Friday lists, so that a disproportionate share of the songs
on the New Music Friday lists are domestic in each country. Suppose further that because
of di erences in market size, there are di erent amounts of domestic music in each market.
Then non-domestic music would receive worse ranks in larger markets, simply because it
was more likely to be pushed down the ranking by domestic music. For our purpose, this
would give us a reason why particular songs would achieve di erent New Music Friday ranks

in di erent countries that is unrelated to the appeal of the song in the two countries.

To explore this strategy, we use the total Spotify streams (among the top 200) as a measure
of market size for each country. Using only the non-domestic songs, we then run a rst-stage
regression of the songs’ New Music Friday ranks on song xed e ects and the music market
size variable (total streams in the country). The coe cient on the market size variable
indicates whether a given song has a worse (higher) rank in a country with a larger market,

and the coe cient is large and signi cant (see Table 6).

We then implement this directly in a regression of our streaming measure (whether a song
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appears in the top 200 on song xed e ects as well as its New Music Friday rank, instru-
menting the rank with the market size measure. We have only one instrument, so we can
only use one measure of New Music Friday rank. We explore both the level and the log of

the New Music Friday rank.

Columns (1) and (5) of Table 6 report OLS regressions of the streaming measure on the
level and the log of the New Music Friday rank, respectively, without xed e ects. The
resulting coe cients re ect both the determinants of ranks and their e ects. Columns (2)
and (6) then include song xed e ects, and - as in our earlier exercises - the coe cient on
rank falls by roughly half. Columns (3) and (7) report the rst stage regressions of the
level and the log of the New Music Friday rank on song xed e ects as well as market
size, estimated with robust standard errors. The market size measure is positively and
signi cantly related to rank, indicating that non-domestic songs have worse (higher) ranks
in countries with larger music markets. Columns (4) and (8) continue to include song xed
e ects and also instrument the rank measures using market size. Robust standard errors
are reported. Coe cients are similar to the song FE estimates, although standard errors
are much larger, and the coe cients are slightly smaller in absolute value. We take the
similarity of the IV estimates to the FE estimates to indicate that our basic estimates do

not arise from endogenous New Music Friday ranks.

5.4 E ects over Time

Songs remain on the New Music Friday lists for only seven days. To the extent that listeners
use the New Music Friday playlists as a utility for playing recommended songs, we would
expect a clear e ect during the week that songs remain on the list. E ects could continue
past the time on the list, for example via the information communicated by list inclusion.
Here we explore whether New Music Friday e ects are persistent. We adapt the estimation
framework of equation (3) slightly to estimate e ects over time. De ne D2% as a binary
measure that is 1 if song i appears in the streaming top 200 in country ¢ days after

appearance on country ¢’s New Music Friday list:

200 — rr nwoo.
Dii" = "ic+t o+ it+"ic: (@)
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Then the parameter " indicates the additional propensity to be among the top 200 streaming

songs days after being added to the list.

Figures 9 and 10 reports three sets of estimates for di erent groups of ranks. Figure 9 covers
only the rst 14 days after the appearance of the New Music Friday list. The leftmost gure
shows how the e ect of appearing in the top 5 varies across days since appearance. The
center gure repeats the analysis for songs ranked 6-10, and the rightmost left gure reports

it for songs ranked 11-30.

As Figure 9 shows, there are large and immediate e ects of songs appearing on the New
Music Friday lists. These e ects rise for the rst four days, then decline. There is no sharp
decline after day 7, when the songs leave the lists. And indeed, as Figure 10 shows, the
e ects persist for 100 days after appearance on the list, indicating that the e ects of the
New Music Friday lists are not merely mechanical. In short, there are large, persistent, and
signi cant e ects for songs in the top 5 and large but smaller e ects for songs ranked 6-10.

E ects for songs ranked 11-30 are small.

5.5 Aggregate E ects on Streams

We are interested in impacts of list inclusion on the total number of streams. We can
construct measures of country-level streams for each song, subject to the caveat that we only
observe streams when a song is among the daily top 200. Hence, our measure understates

streaming, particularly for lower-ranked songs that are more commonly outside the top 200.

Figure 11 aggregates the e ect over time, reporting the aggregate result by rank. A number
1 ranking adds about 550 normalized streams (corresponding to about 14,000,000 additional
streams for a song ranked #1 on the U.S. chart). A song ranked #5 gets over 80 additional
normalized streams, or about 2.1 million additional U.S. streams for a #5 ranking on the
U.S. New Music Friday playlist. The e ects peak within a few days after appearance on the

New Music Friday list.

With Spotify’s ostensible payments of $6 and $8.4 per thousand streams, the bene t of being
ranked #1 on the U.S. New Music Friday playlist is worth between $83,600 and $117,100,

including only the direct bene ts arising from Spotify payments.
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6 Which Types of Songs Do Spotify Playlists Promote?

Rights holders in the independent record label community have long lamented their limited
access to radio airplay (Thomson, 2009). Even in the streaming era, with its relaxed distri-
bution bottlenecks, concerns remain. It is not uncommon to read assertions that playlists are
\controlled by three major labels: Universal Music Group, Sony Music Entertainment, and
Warner Music Group, a group that collectively owns a very substantial ownership share of
not just Spotify, but other platforms like VEVO." In this section we descriptively explore a
few questions relevant to these ostensible concerns, asking which sorts of songs, by label type
and national origin, are available and commonly streamed at Spotify. Further, which sorts

of songs appear on the global curated and the country-speci ¢ New Music Friday playlists?

As Table 7 shows, among the 19,055 songs that we observe streaming in the 2017 country-
speci ¢ sample, just under half (measured by either listings or distinct songs) are from
independent record labels. The independent share of streams, however, is much smaller,
at just over a quarter. U.S. origin songs make up a quarter of listings and songs in the
country-level sample but account for 59 percent of streams. Domestic songs make up just

over a quarter of listings, distinct songs, and streams in the country-level data on average.

The song sample made up of the global daily top 200 includes only 1,764 songs. Of these,
independent songs account for a quarter of the tracks and just under a fth of streams. U.S.

origin songs account for 68 percent of these tracks and 71 percent of streams.

How about the playlists? Independent-label songs account for well under half of the listings
and distinct songs at the global curated lists, while US-origin tracks account for roughly
three quarters or more of the listings and songs, as well as streams, appearing on the global

curated lists.

The New Music Friday lists have di erent coverage. First, they include greater independent
music representation, just over half of the tracks overall. Second, they include less US-
origin representation, accounting for roughly a third of listings and songs. Finally, domestic
music makes up just under a fth of the New Music Friday listings and songs. Given the

large number of origin countries in the world, this average re ects a substantial amount of
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home bias. On average, origin repertoires make up 15 percentage points more of the New
Music Friday lists in their home countries, relative to their origin shares outside of the home

country.

7 Conclusion

Streaming has emerged as an important channel for music consumption, and Spotify is the
most prominent platform, with a higher market share than was held by retailers or radio
stations in the digital era. This paper has measured the power of Spotify to in uence
song success with its general playlists, and we nd clear evidence that Spotify has power to
in uence consumption decisions. We document large and statistically signi cante ects. The
major global playlists raise streams for prominent songs substantially. Getting on Today’s
Top Hits is worth almost 20 million additional streams, which translates to $116,000 and
$163,000 in additional revenue from Spotify alone. Playlists also a ect the success of new
songs and new artists. Getting on the top of the New Music Friday playlist in the U.S. is
worth roughly 14 million streams ($84,000-$117,000). Making the Global Top 50 chart raises
streams by about 59,000 per day, or by about 3 million overall. Playlists have important
impacts on which songs are heavily streamed. The major global lists tend to promote
major-label and US-origin music, while the New Music Friday lists provide heavier coverage

of independent and domestic music.

The fact that playlists have substantial impacts on song success should be of interest for
both music industry participants and observers of platforms more generally. Growing con-
centration in the streaming market, as well as other markets dominated by one or a few

players, may create a need for scrutiny of how platforms exercise their power.
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Followers and Streams After Inclusion on Today's Top Hits
What Ifs by Kane Brown

(suon) sweans . <,

Figure 1: Daily Followers and US Streams for a Song added to Today’s Top Hits.
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Note: 0 days around the event date corresponds to the last fully untreated day. 3 days after the event date
corresponds to the first fully treated day. Observations within the gray bands therefore correspond to partially
treated days.

Figure 2: Normalized streams before and after add and removal events at Today’s Top Hits.
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Share Appearing in Daily Spotify Charts

Figure 4:

New Music Friday Rank in the U.S.
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Figure 5: New Music Friday Ranks in US and Canada.
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US-Canada New Music same-song rank differentials
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Figure 6: New Music Friday Rank Di erentials for US and Canada.
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Figure 7: US-Canada New Music Friday Rank Di erentials and Probability of Appearing in
Top 200.
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NM rank effects - Overall

Share Appearing in Daily Top 200
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Figure 8: E ect of Appearing in New Music Friday on Top 200 Streaming Chart Appearance.
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Figure 9: E ect Over Time of Appearing in New Music Friday - First 14 Days.
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Effect of Appearing in New Music Friday on Top 200 Charts
by Rank
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Figure 10: E ect Over Time of Appearing in New Music Friday.
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Figure 11: E ect of Appearing in New Music Friday on Normalized Streams.
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Table 1: Total Sample
Streams during 2017.Y

Country Streams
Brazil 6,663.5
Canada 3,107.3
Switzerland 475.0

Colombia 815.8

Germany 5,931.7
Denmark 1,486.5
Spain 3,671.8
Finland 1,223.8
France 3,060.8

Great Britain  7,018.6
Hong Kong 289.8

Indonesia 1,253.4
Iceland 79.4
Italy 2,322.6
Mexico 6,186.0
Malaysia 637.4
Netherlands 3,390.9
Norway 1,967.5
Philippines 3,253.6
Poland 764.4
Portugal 431.6
Sweden 3,316.2
Singapore 744.5
Turkey 899.2
Taiwan 435.8

United States 25,620.5

Total 85,047.3

Y All gures are expressed in
millions of streams.
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Proof of Delivery

| hereby certify that on Thursday, July 30, 2020, | provided a true and correct copy of the
Sirius XM and Pandora Opp’n to SoundExchange’s Motion to Admit Article Authored by
Professor Joel Waldfogel to the following:

American Association of Independent Music ("A2IM"), The, represented by David A.
Handzo, served via ESERVICE at dhandzo@jenner.com

Sony Music Entertainment, represented by David A. Handzo, served via ESERVICE at
dhandzo@jenner.com

Educational Media Foundation, represented by David Oxenford, served via ESERVICE at
doxenford@wbklaw.com

Warner Music Group Corp., represented by David A. Handzo, served via ESERVICE at
dhandzo@jenner.com

SoundExchange, Inc., represented by David A. Handzo, served via ESERVICE at
dhandzo@jenner.com

SAG-AFTRA, represented by David A. Handzo, served via ESERVICE at
dhandzo@jenner.com

National Association of Broadcasters, represented by Sarang V Damle, served via
ESERVICE at sy.damle@Iw.com

American Federation of Musicians of the United States and Canada, The, represented by
David A. Handzo, served via ESERVICE at dhandzo@jenner.com

Google Inc., represented by Kenneth L Steinthal, served via ESERVICE at
ksteinthal@kslaw.com

Jagjaguwar Inc., represented by David A. Handzo, served via ESERVICE at
dhandzo@jenner.com

UMG Recordings, Inc., represented by David A. Handzo, served via ESERVICE at
dhandzo@jenner.com



National Religious Broadcasters Noncommercial Music License Committee, represented by
Karyn K Ablin, served via ESERVICE at ablin@fhhlaw.com

Signed: /s/ Todd Larson
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